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Walking is considered as one of the major modes of active transportation, which
contributes to the livability of cities. It is highly important to ensure walk friendly sidewalks to
promote human physical activities along roads. Over the last two decades, different walk scores
were estimated in respect to walkability measures by applying different methods and approaches.
However, in the era of big data and machine learning revolution, there is still a gap to measure the
composite walkability score in an automated way by applying and quantifying the activityfriendliness of walkable streets. In this study, a street-level automated walkability score was
estimated by detailing the methodology of automatic data collection procedure through applying
computer vision and artificial intelligence.
The first part of the study explores the trend of walkability measures over the past two
decades by considering a comprehensive literature review. The outcome shows that there are needs
for tools automatically collecting walkability data by taking advantage of recent advancement in
machine learning and image processing technologies. The second part of the study identifies the
existing major variables related to walkability and walk-score measures. Two objective
approaches, word frequency and correspondence analysis, and one subjective approach, an

analytical hierarchical process was applied to identify the potential walkability variables. The third
part of the study investigates the new attributes related to walkability measures by assessing the
relationship between human walking activities and surrounding visual environmental attributes
along the foot-walk. Statistical analysis results showed positive correlation between human
walking activities and visual environmental attributes, such as surrounding building enclosure,
streetlight/pole, traffic sign and billboard, street greenery, and the enclosure of the sky view factor.
The fourth part of the study evaluates the pedestrian walking experience along segments mixed
with pedestrians, bicyclists and e-scooter users. Higher rating and positive walking experiences
were observed along the sidewalk enabled with buffer, in addition to other walkability attributes,
such as high greenery, low building density, and low bike/e-scooter density.
The final part of the study combines the existing and new walkability attributes, and
employs the street-level automated walk score for the city of Kalamazoo and Arlington. Semantic
segmentation technique based on convolutional neural network (CNN) algorithm, along with
spatial analysis was performed to automatically the walkability attributes from the Google street
view images and Geographic Information System (GIS) shapefiles. Both Kalamazoo and
Arlington city showed positive relationship between the computed walk score and the walking
activities along the sidewalks. It was evident from the result; the computed walk score shows
higher correlation to smart city indices (i.e., Health Index, Property Value, Bike and Transit score,
etc.) in comparison to existing Walk Score® for both study areas
This study presents a novel methodology to measure and develop an automated street-level
walkability score; which could be readily replicable and significantly reduce the labor cost, effort,
and time in comparison to other traditional walkability measures.
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CHAPTER I
INTRODUCTION
1.1 Background and Problem Statement
Active transportation, especially walking plays a vital role to ensure a healthy and livable
community. Walking as an alternate mode of transportation is highly recommended, where
extensive growth in motor vehicles already causes various environmental and infrastructural
problems, such as air and noise pollution, traffic congestion, expensive road infrastructure, traffic
safety issues, etc. (Leslie et al. 2007). Public health related problems, such as obesity, diabetes,
cholesterol and other serious issues are increasing due to lack of active movement and active
transportation system (Frank et al. 2006). In addition to those transportations and health related
problems, other socio-economic issues are also impacted due to the lack of active travel
environment. For example, social inequalities are examined where necessary walking environment
is not ensured for the category of working people who do not have auto ownership or whom has
the only choice to walk to their job. Moreover, economic decisions to site amenities based on land
price values are highly related to active travel environment, while entrepreneurs often face
problems due to the lack of enough data about active travel environment (Litman 2003). In near
future at autonomous urbanism, walking is highly encouraged to build smart cities as places for
people with safe, sustainable, accessible and equitable transportation choices.
Based on the above problems and potentials for walking as active travel, it is essential to
ensure the healthy walking environment to encourage people to walk. Walkability assessment is
1

highly encouraged to measure the activity friendliness of walking environment along the streets
and neighborhoods. Moreover, walkability is one of the main measurements which is related to
active transportation for contributing to the livability of cities (Vale et al. 2016). Walkability refers
to the way that individuals feel about the street as a place to walk (Ewing et al. 2006). Additionally,
walkability may be defined as the “quality of the walking environment” (Park and Kang 2011) or
the “quality of walking conditions, including safety, comfort, and convenience” (Litman 2003).
Walkability of an intersection, a road segment, route or network is a measure of its suitability for
walking. Walkability measurement is directly related with the individual and collective benefits to
solve transportation issues, health issues, social inequality issues, environmental issues, and
economic issues (Saelens et al. 2003). Walkability measurement is highly important to build up
the active and livable streets. To cope up with the future need in autonomous and shared mobility
era, walkability index measurements are an important part to develop walking friendly
environment to motivate and engage people in active walking streets.
Over the last two decades (1995-present), researchers developed various walkability
indices by applying different methods. Some of the common methods include physical audit,
image and instrument audit, pedestrian’s preference, GIS data usage, interview and survey, etc.
Up to present, four types of methods are mainly used to measure walkability. The first approach
is based on interviews or self-administered questionnaires, which is mainly subjective judgement
of the walkability indicators. The second approach uses built environment characteristics obtained
by systematic observations, where different audit tools are used. The third method uses geospatial
databases and Geographic Information Systems (GIS) in order to assess or develop relevant
indicators that measure walkability in a more objective way. In recent years, image audit and
instrumental audit tools are used to measure the walkability in a semi-automated way.
2

In terms of study design or approach for walkability score development, early researchers
measured the walkability based on either subjective (e.g. User’s perception, expert panel judgment,
etc.) or objective approach (e.g. physical and image audit, researcher’s perspective, etc.).
However, very few studies considered both subjective and objective measurement approach for
walkability score development. As the unit of analysis, most of the case studies computed
walkability score for neighborhood level and street level. Different walkability indices are used so
far to develop the walkability scores. Based on the literature, the major categories for walkability
indices are constituted with roadway characteristics (e.g. Infrastructure Design or Level of
Service), accessibility or proximity to facilities, demographics and land use characteristics, safety
and security, comfort and convenience, and aesthetics. For example, Ropars and Morency (2018)
developed walkability score based on infrastructure design and comfort, land use and
transportation facility density, and accessibility to different destinations. In another study, Gu et
al. (2018) used open-sourced data to measure walkability based on safety, roadway comfort and
convenience. Earth et al. (2017) proposed a walkability index that is behaviorally calibrated with
Hansen-based accessibility indicators. They used customizable specification of generalized
walking cost and user-defined weights of destination attractiveness for developing the accessibility
indicators, including, link type, the availability of a cover, the width of the walkway, separation of
traffic, facade transparency, availability of greenery, and the type of vertical links and crossings.
In another study, Giles-Corti et.al (2014) measured the walkability indices based on spatial subcomponent, such as street connectivity, density, and land use characteristics. In 2013, Gehrke et
al. come up with a different classification scheme for measuring walkability including, Safety,
Track, Environment, Population and Purpose (STEPP). Besides, walkability indices are calculated
at the block group level across each region using the sum of the z-scores. Lachapelle et al. (2011)
3

conducted a study to measure z-scores based on net residential density, intersection density, retail
floor area ratio, and entropy-based measure of land use mix. Frank et al. (2009, 2010) also
considered the street connectivity for measuring the z-scores for developing walkability. Doyale
et al. (2006) measured the z-scores in a different way considering, the negative of average block
size, the percent of all blocks having areas of less than 0.01 square miles, the number of 3-, 4-, and
5-way intersections divided by the total number of road miles. In order to make the measures
comparable, they were converted to z-scores then added these values to derive the final walkability
measure. In addition, walkability was also measured in different self-made concept as Activity
Friendly Index (AFI) (Glazier et al., 2007), Irvine-Minnesota Inventory (IMI) measures (Owen et
al. 2007), Pedestrian Environmental Data Scan (PEDS) (Cliffton et al. 2006), and Systematic
Pedestrian and Cycling Environmental Scan (SPACES) (Pikora et al. 2002). Although most of the
studies used a combination of those major categories to compute walkability score, there is still a
gap to consider the above categories in a comprehensive way to develop the complete walkability
score.
Based on the above literature reviews, it is noticeable that in the era of big data and machine
learning revolution, there is still a gap to collect the data and process the walkability indices in an
automated way. Most of the studies used traditional physical audit to collect data, which is highly
labor expensive and time consuming. Very few studies measured walkability by considering both
subjective (pedestrian’s perspective) and objective (researcher’s perspective) approach
comprehensively. Moreover, most of the studies are performed for macro-scale/meso-scale, such
as neighborhood or block level, which does not reflect the true experience of walkability for actual
walking path environment in detail micro-scale level, e.g. street segment level. Therefore, we
developed a street-level walkability score by computing composite indices in an automated way
4

by applying image processing technique and spatial analysis. A TOPSIS (Technique of Order
Preference Similarity to the Ideal Solution) technique based on entropy-based weights was used in
this study to develop the automatic walk score by aggregating the composite indices. For
computation of walkability indices, we applied Convolutional neural network technique and
Geographic information system to assess the street level urban design qualities in accordance with
other characteristics, such as infrastructure/level of service, accessibility, density, safety, built
environment variables, etc. This study could be a potential research for developing a tool for both
subjective and objective type of analysis to develop the walkability score for the roadway
segments. As the case study location, potential street segments from walking trajectories data of
Kalamazoo, MI and Arlington, TX City were selected to estimate the walkability score.
1.2 Research Motivation
Following aspects were considered as the motivation for conducting this thesis.


Automatic assessment of walkability indices could reduce human labor and cost in a
significant way.



It is less prone to mistakes and errors, and consistent for the walkability index
measurement of different cases.



It could measure walkability in a more objective way, where subjective judgments are
sometimes questionable to develop the walkability score.



Automated walkability indices assessment could allow to execute repetitive task and test
without the intervention of manual tester.
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Automated testing is significantly faster than a manual approach. With the change of the
information, automated assessment could instantly modify and update the walkability
score.



With the automatic walkability score development, all stakeholders can login into the
automation system and check walkability execution results in a more convenient way.



This testing can be executed on different operating platforms in parallel and reduce test
execution time.

1.3 Research Questions
In this research, we addressed five research questions related to walking experience and
walkability measures. The research questions those were considered in this research are as
follows:
1. What is the trend in walkability measures over the years?
2. What are the existing influential attributes/indices those contribute to the walkability
measurement?
3. What are the relationships between human walking trajectories and foot-walk visual
environmental attributes?
4. What is the impact on walking experience for different types of walking environments
along the sidewalk segments mixed with pedestrians, bicyclists and e-scooter users?
5. How the street-level walkability score could be developed in an automated way based on
image processing and spatial analysis? How to validate the result? What are the current
prospects and advantage of proposed walkability score over existing walk-score?

6

1.4 Research Objectives
Following research objectives were advanced in this study.
1. To explore the trend in walkability research based on comprehensive literature review.
2. To identify the existing influential attributes for measuring walkability.
3. To investigate the relationship between human walking trajectories and foot-walk visual
environmental attributes.
4. To explore the impact on walking experience for different walking environments along
with non-motorized interaction.
5. To develop, compare, and validate the street-level automated walk score.
1.5 Research Scope and Limitations
Although this study developed a composite walk score, the current study still has some limitations.
First, most of the GIS shapefile data are stored at neighborhood scale, therefore it takes extra time
to match those values along the roadway segments. In addition, there could be other streetscape
features those has influence on human walking activities. In this study, we only considered the
variables those were able to extract from the image processing. Future studies should consider
more variables in the analysis of the connection between the streetscape characteristics and human
walking activities. In case, where we need to extract more objects from the images, we recommend
using a different set of training dataset with more annotated objects. Besides, Google street view
images are not updated till the date at Google site, which cause error in data consistency. The walk
score could vary along the segments due to this error. However, this study could be a resource to
initiate the process of real time data collection and walk score estimation, which could solve the
problem of data inconsistency. The entire process of the proposed method in this study could be
7

automated and replicable to different locations by enhancing the add-ins with external machine
learning tools.
1.6 Organization of the Study
The rest of the thesis is organized into seven chapters. Chapter two describes the detail
methodology for this study. Chapter three reviews the relevant literature to the topic and explore
the trend in walkability measures. Chapter four presents the results of the existing influential
attributes for measuring walkability. Chapter five and six represents the new walkability attributes
by investigating the relationship between human walking activities and surrounding physicalvisual environmental characteristics. Chapters seven combines the existing and exploring variables
and computes the street-level automated walk score. Lastly, chapter eight concluded the summery
of the research with major findings and recommendation.

8

CHAPTER II
METHODOLOGY
This chapter described the overall tasks and the methodology for conducting the research.
In this study, we applied artificial intelligence technique along with GIS-based analysis to compute
the street-level walk score. At first, we identified the existing walkability attributes, those have
strong influence to measure the walkability score. Next, we explored the new walkability
attributes, those showed potential impact on measuring walkability. Finally, we combined all of
the existing and exploring attributes to develop the automated walk score for the case study areas.
2.1 Research Tasks and Approach
To accomplish the objectives of this research, we followed a set of different tasks to complete the
research. The overall flow of the research tasks is depicted in Figure 2.1. Task-1 was about to
conduct a comprehensive literature review from different conference and journal; articles.
Identification of the potential walkability attributes was designed as task-2. A series of data
collected from different primary and secondary sources were conducted at task-3. According to
task-4 and task-5, we explored new walkability attributes from different physical-visual
environmental attributes. Finally, in task-6, we developed the automated walkability score by
combining all of the existing and explored walkability attributes. Study recommendation and
conclusion were explained at task-7.

9

Figure 2.1 Organogram of the Research
2.2 Data Collection
Data collection procedures are described in two sections. At first, we described the site selection
procedure. After that, we described the detail data collection methodology.
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2.2.1 Study Area Selection
In this research, we considered two different areas as Arlington, Texas and Kalamazoo, Michigan
for the case study locations, where Kalamazoo is considered as a winter city and Arlington is a hot
and humid city. The reason behind selecting these two locations was to explore the relationship
and difference in walkability and walking behavior for different seasonal and geographical
characteristics. Arlington is located between Fort Worth and Dallas in the north Texas region.
Kalamazoo is in southwestern Michigan at the Kalamazoo-Portage MSA, which has a population
of less than 500,000. Arlington is considered as the 36th most walkable large city in the US (CITI,
2015), whereas Kalamazoo is ranked as 20th most walkable city in Michigan (Walk Score, 2019).
Walking Trajectories Data from WMU PASTA Project were accessed and analyzed for
selecting foot-walk segments to develop walkability measures. Walking trajectories GPS data was
collected from an activity‐oriented mobile phone application for the case location: Kalamazoo, MI
and Arlington, TX. A total of about 50,000 individual walking trips from 120 participants was
collected for a 1-year duration from January 2018 to December 2018. The trip data with daily
activities records GPS locations and walking behaviors including speed, duration, and time of the
day.
An example of GPS trajectories data is shown in Figure 2.2. We stored and documented
all of the trips by trip number and their associated latitude and longitude points. At first, we
identified all of the GPS points for one particular trip and converted those points to a trajectory
line by joining all of the points from same trip by using ArcGIS.

11

GPS
Trajectories for
Kalamazoo, MI

GPS Trajectories
for Arlington, TX

Figure 2.2 GPS Walking Trajectories Point Data for Kalamazoo and Arlington City
However, the original GPS locations in those trajectories are very noisy and have location
errors because of the obstruction of the GPS signal due to high‐rise building blocks and street trees
in cities. For an example of Kalamazoo city, Figure 2.3 shows the line trajectories of all individuals
in the study area. There could be higher possibility for mismatching between the human trajectories
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and the street maps. In order to correct those trajectories, we used a map‐matching algorithm based
on OpenStreetMap.

Figure 2.3 GPS Walking Trajectories Line/Trip Data for Kalamazoo City
A total of 550 and 650 foot-walk segments were selected to assess the walk score for
Kalamazoo and Arlington city, respectively. The foot-walk sites were selected based on the
walking trajectories data along with the trip segments. In addition, higher pedestrian activities and
surrounding locations of interest was also carefully reviewed to select the foot-walk sites. A
density map was developed based on the current residential, commercial, and recreational density
for Kalamazoo and Arlington city, to accurately select the foot-walk sites. Figure 2.4 shows the
data inventory process, where we stored the data by each segment ID and associated road name,
number of walking trips, sidewalk type, adjacent road types, roadway speed, and segment length.
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Figure 2.4 Data Inventory Process for the Selected Sites
2.2.2 Data Collection Methodology
As the approach of data collection, images were obtained from both google street view site and
mobile camera. Besides, spatial data were collected from GIS shape file. Once we collected
necessary data, a GIS-based comprehensive database was stored and developed to compile the
dataset for measuring walkability score.

Figure 2.5 Data Collection Scenario and Procedure
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Figure 2.5 shows the data collection procedure for this study. GIS shape file related to roadway
characteristics, transportation, and land use characteristics were collected from GIS Open Data
Portal. In addition, spatial data related to safety and security were collected from Traffic Crash
facts and police reports. Image data were obtained from google street view and personal mobile
camera to understand the accuracy and resolution characteristics of different sources. Image data
were captured with a consistent interval of 330 feet (approx. 100 meter) apart along the segment.
In addition to image data collection, other spatial and land use characteristics data were collected
along the segments with a buffer of ¼ mile to consider the surrounding characteristics.
2.2.2.1 Image Processing
Image data were processed based on computer vision and AI (Artificial Intelligence) machine
learning technique. There are couple of supervised AI image processing techniques, which is
applied for either object recognition, or object recognition, localization, and classification.
Semantic segmentation technique is one of the applications of AI which is developed based on
deep convolutional neural network (CNN) (Long et al., 2015). This is one of the best techniques
to extract attributes from a roadside scene or image. We preferred semantic segmentation in this
study, because it labels each pixel in the image with a classification and localizes the whole objects
for the image as a scenic view (Rosebrock, 2018). An example of image processing is shown in
Figure 2.6, where semantic segmentation technique is applied to obtain necessary walkability
components.
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Figure 2.6 Image Processing Example Based on Semantic Segmentation
As the source of training dataset for applying semantic segmentation, Cityscape dataset could be
a viable option. It contains a large-scale dataset with a diverse set of stereo video sequences
recorded in street scenes from 50 different cities, with high quality pixel-level annotations of 5 000
frames (Cordts et al., 2016). In the above Figure 2.6, E-net based on SegNet (Rosebrock, 2018)
was applied as model architecture to test the GSV image in respect to detect different object
classes. There is a total of 12 object classes automatically extracted from the GSV image (Figure
2.6).
2.2.2.2 Spatial Analysis
In this study, we computed a variety of walkability attributes based on GIS shapefile collected
from different sources, such as OpenStreetMap (OSM), Michigan open data portal, Michigan
traffic crash facts, Texas open data portal, Texas traffic crash data, American Community Survey
(ACS), Topologically Integrated Geographic Encoding and Referencing system (TIGER/Line)
Geodatabases, etc. For terrain pattern, we obtain elevation data from Shuttle Radar Topography
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Mission (SRTM) site. For obtaining the accessibility of different facilities, we considered the
surrounding facilities within quarter mile walking distances along the walking segments. In
addition, crime data was collected from LexisNexis Community crime map and county public
safety database.
2.3 Identifying Potential Existing Walkability Attributes
In this study, we identified a series of existing walkability attributes which have an association
with walking and walkability researches. A total of twenty major walkability variables/attributes
from five different categories were identified from 83 articles, which was selected through a
systematic and sequential procedure. We applied two objective approaches, word frequency and
correspondence analysis, and one subjective approach, an analytical hierarchical process to
identify the potential walkability variables. Walkability attributes/variables were analyzed based
on five different major categories, which were observed from over the years’ trend in walkability
research of reviewed literature papers. Those major categories were roadway characteristics &
level of service, street quality, safety & security, accessibility/proximity to destination facilities,
and neighborhood density & land-use characteristics. We considered each review paper is a case
and analyzed that paper based on all of those 20 walkability variables/attributes.
A word frequency analysis was performed to visualize the contribution of different
categories of attributes over the years from 1996 to 2019. Correspondence Analysis (CA) was
performed in this research with an aim to an in-depth investigation by observing the relationships
between the levels (rows/columns) in a contingency table, that is, the five groups of the
column/categorical variables and the 20 walkability attributes as row variables. In addition, we
applied the AHP technique to identify and prioritize walkability variables/attributes by observing
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the subjective judgment from expert personnel. The weights of major categories and associated
walkability variables/attributes were collected through a pairwise comparison matrix by twentytwo experts from a different group of professionals, including engineers, city planners,
policymakers and academic researchers. We used TOPSIS method to determine the final ranking
of the walkability attributes by aggregating the scores/weights measured from three different
approaches.
2.4 Exploring New Walkability Attributes
To explore the new walkability attributes, we investigated the relationships between walking
activities and surrounding physical-visual environmental characteristics. A large amount of human
trajectory data collected from the WMU-PASTA project survey was used to estimate human
walking activities in the study area in an objective way. In order to represent the characteristics of
physical environments, we considered the foot-walk types and availability, adjacent road types, in
addition to surrounding land use mix and vehicle types. Several streetscape variables in addition
to visual environmental variables were also considered in this study, such as vegetation enclosure,
building enclosure, terrain, traffic sign visibility, streetlight, sky view, etc. In this study, a total of
22 variables were considered to assess the relationship between human walking trajectories and
associated variables. The Walk Score and the surrounding population density were also considered
in the analysis as the confounding variables in order to investigate the connection in a robust way
between the characteristics of physical-visual environment and human walking activities. A
semantic segmentation technique based on ENet architecture was applied for image processing,
where the Google street view images were used as data sources. More than a thousand of street‐
level images were used to calculate the streetscape variables for sample sites along streets at a fine
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level. In addition, GIS-based analysis was performed to collect and analyze the walkability
attributes.
In addition, we conducted a survey to assess the sidewalk walking experience for different
types of walking environment based on hypothetical scenarios. we evaluated the pedestrian
walking experience along segments mixed with pedestrians, bicyclists and e-scooter users. The
survey was designed to collect the evaluation on the walking environment in terms of sidewalk
comfort, safety, street view, vitality, and overall walk environment through hypothetical scenarios.
A total of 22 hypothetical scenarios were designed to conduct the survey by considering two
sidewalk width criteria, narrow sidewalk width (less than 6 ft), and wide sidewalk width (more
than 6 ft). Those scenarios were designed by combining different walking environment attributes,
such as sidewalk buffer, pedestrian density, bicycle/e-scooter density, greenery, roadway traffic,
and surrounding building density. The survey response was collected from a total of 140
participants from Michigan and Arlington State.
2.5 Automated Walk Score Development
An overall approach of measuring automatic walkability is depicted in Figure 2.7, where the
walkability is measured from a combination of attributes extracted from images and spatial data
source (e.g. GIS shapefile or Remote sensing imagery). In the proposed walk-score development
method, we estimated the walk score in street level (e.g. micro-scale: segment by segment
analysis).

19

Figure 2.7 Overall Approach for Measuring Automatic Walkability Score
In terms of data categories, a major types of walkability attributes were considered in the
proposed methodology, such as roadway characteristics, sidewalk safety, convenience,
accessibility, etc. A comprehensive database was created and stored in a GIS-based multi-source
layer’s document. In addition to spatial data, image object/attribute data were extracted through
semantic segmentation technique and combined with other data in map document.
2.5.1 TOPSIS Approach
To develop the walk score, we need to standardize the attribute data, since the data unit are
different from each other. TOPSIS which is stands for Technique for Order of Preference by
Similarity to Ideal Solution, is a well-accepted method for data standardization and aggregation
purposes (Chen et al. 2015). To standardize and aggregate the attribute data for estimating
walkability score, we applied TOPSIS method and rank the case roadway segments. For applying
the weights in TOPSIS calculation, we could use different types of weights, such as AHP weight,
Frequency-based weight, and entropy weight (Chen et al. 2015). AHP weight is more subjective
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weight, whereas frequency-based and entropy weight is more objective type of weights. Based on
the nature of the study, we could apply different type of weighs against each attribute to estimate
the automated walk score. In this study, we used entropy-based weight. The entire process for the
proposed method could be automated and replicated to different locations by enhancing some
external machine learning tools.
TOPSIS is a multi-criteria decision analysis method, which is based on compensatory aggregation
that compares a set of alternatives by identifying weights for each criterion, normalizing scores for
each criterion and calculating the geometric distance between each alternative and the ideal
alternative. Following are the steps for developing modified TOPSIS-RSR method to calculate the
composite walk score (Wi).
Step 1. Identify a decision matrix
Assume a Multi-Criteria Decision making (MCDM) problem has m alternatives (case routes), each
including n main criteria (walkability attributes). To obtain the performance of a set of alternatives
on a given set of criteria, a decision matrix A of m × n dimension is constructed firstly. Here,
Matrix 𝐴 = (𝑎 )m×n shows all the values of alternative i (1 ⩽ i ⩽ m) with respect to criteria j (1 ⩽
j ⩽ n).
𝑎
𝐴= 𝑎
𝑎

𝑎
𝑎
𝑎

…..
…..
…..

𝑎
𝑎
𝑎

(1)

Step 2. Transform each indicator into become of the same direction
Transformed Matrix, 𝑋 = (𝑥 )m×n

(2)

Where,
For positive indicators, 𝑥 = 𝑎
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For negative indicators, 𝑥 = 1- 𝑎
Step 3. Normalize the decision matrix
Normalized Matrix, 𝑌 = (𝑦 )m×n

(3)

Where,
𝑦 =
∑

Step 4. Calculate the weighted normalized decision matrix
Weight Calculation: Entropy-based weight was calculated for each criteria (j) along each
alternative (i) by following equation-4.
Weighted Normalize Decision matrix, 𝑍 = (𝑦 ∗ 𝑤 )m×n

(4)

Step 5. Determine the PIS (Positive Ideal Solution) and NIS (Negative Ideal Solution)
For PIS: 𝑍 = ( 𝑧 , 𝑧 , … … . , 𝑧 )

(5)

For NIS: 𝑍 = ( 𝑧 , 𝑧 , … … . , 𝑧 )

(6)

Where,

Step 6. Calculate the separation of each alternative from PIS and NIS
Separation from positive ideal alternative:
(7)

Separation from negative ideal alternative:
(8)
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Step 7. Calculate the closeness coefficient of each alternative
Based on the relative closeness of the ideal solution, the composite walkability score (𝑊 ) along
each sidewalk segment was calculated by following equation 9.
(9)

𝑊 =
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CHAPTER III
COMPREHENSIVE LITERATURE REVIEW: EXPLORING THE TREND IN
WALKABILITY MEASURES
3.1 Introduction
Active transportation, especially walking, plays a vital role in ensuring a healthy and
livable community. Walkability is one of the main indicators, which is related to active
transportation for contributing to the livability of cities (Vale et al., 2016; Wang and Yang, 2019).
It measures the activity friendliness of the walking environment. Walkability measurement is
directly related to the individual and collective benefits to solve transportation problems in addition
to other issues, such as health, social inequality, environmental, and economic issues (Leslie et al.,
2007; Frank et al., 2006; Saelens et al., 2003; Forsyth, 2015; Wang and Yang, 2019; Litman, 2003).
To cope with the future needs in autonomous and shared mobility era, walkability measurement is
an important part of developing a walking-friendly environment to motivate and engage people on
active walking streets (Shay et al., 2018).
Walkability refers to the way that individuals feel about the street as a place to walk (Ewing
and Handy, 2009), or could be defined as the “quality of the walking environment and conditions,
including safety, comfort, and convenience” (Park et al., 2014; Litman, 2003) through measuring
the friendliness of built environment (Saelens et al., 2003; Leslie et al., 2007; Frank et al., 2009).
Over the last two decades, researchers developed various walkability indices for different
geographical regions by applying different approaches and tools with a different set of variables.
Based on the previous walkability researches, walkability was measured from different types and
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categories of attributes/variables related to the built environment, aesthetics, urban design
qualities, and roadway level of service. (Leslie et al., 2007; Saelens et al., 2003; Ewing and Handy,
2009). In terms of measuring walkability variables, researchers used subjective (e.g., user’s
perception, expert panel judgment, etc.) (Park et al., 2014; Kelly et al., 2014), objective approach
(e.g., GIS-based, physical and image audit, researcher’s perspective, etc.) (Frank et al., 2009; Gu
et al., 2018; Lu, 2018), or mixed type of approaches (Xau et al., 2018). Walkability was measured
for different scales, from macro to micro scale, i.e., state or province-level (Smart, 2018), citylevel (Krambeck and Shah, 2008), neighborhood-level (Frank et al., 2009), and street-level (Gu et
al., 2018). Walkability studies were conducted in different regions over the world, including
United States (Smart, 2018), Canada (Lefebvre-Ropars and Morency, 2018), Asia (Gu et al.,
2018), Europe (Kelly et al., 2014), and Australia (Owen et al., 2007).
Some of the common tools/methods for measuring walkability were interview and survey,
GIS-based method, physical audit, image and instrument audit, and pedestrian’s preference. Up to
the present, three major type of approaches were mainly used to measure walkability by combining
those tools. The first approach was based on interview or self-administered questionnaires, which
was mainly the subjective judgment of walkability measures. For example, Battista and Manaugh
(2018) conducted a sedentary and walking interview to measure the walkability based on the user’s
perception by observing individual’s collective opinion on social space, physical space, and socioeconomic factors. In another study, Moura et al. (2017) used a participatory assessment method to
evaluate the walkability based on local circumstances and expert judgment by considering distinct
pedestrian groups (e.g., adults, children, seniors, and impaired mobility pedestrians) and different
trip purposes (e.g., utilitarian, leisure, etc.). The second approach was applied by using geospatial
databases and Geographic Information System (GIS) to assess or develop the relevant indicators
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that measured walkability in a more objective way (Frank et al., 2009; Erath et al., 2017). For
example, Ropars and Morency (2018) applied a GIS technique to develop the walkability score
based on residential density, intersection density, land use mix, and floor area ratio for commercial
uses. The third approach for assessing walkability was developed through systematic observation
of built environment characteristics by implementing different audit tools, such as physical audit,
street image audit, and instrumental audit. These tools were mainly applied to measure the
walkability variables in an objective way (Amouhadi et al., 2019). For example, different types
of network and physical audit tools were developed in past to evaluate the built environmental
variables related to walkability assessment, such as Irvine-Minnesota Inventory (IMI) (Day et al.,
2006), Pedestrian Environmental Data Scan (PEDS) (Clifton et al., 2007), and Systematic
Pedestrian and Cycling Environmental Scan (SPACES) (Pikora et al., 2002).
In addition to those three approaches, mixed approaches were used to measure walkability by
combining different tools, such as GIS and image audit (Li et al., 2018); Interview, physical and
virtual audit (Su et al., 2019); and Survey and physical audit (McCormack et al., 2012). In recent
years, walkability variables related to sidewalk aesthetics, comfort, and urban design qualities were
measured by applying machine learning and image processing techniques. Blecic et al. (2018)
developed a perceived walkability score based on the assessment obtained from user’s rating
through applying image processing technique by using street-level Google images. In other
studies, street greenery, sky view, tree density, building height, and pavement types were
objectively assessed to measure the walkability and associated relationship between urban design
qualities (Li et al., 2018; Shen et al., 2018).
From the above observations related to walkability measure, it is clear that walkability was
analyzed and measured from various scales, variables, tools, and approaches. Therefore, it is
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interesting and needed to observe the trend in walkability measures over the years based on those
different factors, so that we can understand the future direction in measuring walkability. A list of
83 reviewed articles related to walkability measure was synthesized and analyzed in this study to
observe the walkability trend over the years in respect to different criteria, such as analysis scale,
case study locations, variable measurement types, and methods/tools for measuring walkability. In
this study, we applied a hierarchical clustering technique to group the articles based on their
similarities and analyzed the patterns over the years. The next section describes the study
methodology comprising the selection criteria of reviewed articles, analysis factors, and clustering
technique for grouping the articles. The following section describes the descriptive statistics of the
reviewed articles and numerical results of the cluster outputs. The final section describes the
walkability trend over the years and provides a discussion on the future direction of the walkability
research.
3.2 Methodology
In this research, we analyzed the literature review articles into two parts. In the first part,
we showed some descriptive analysis of the considered literature papers. In the second part, we
used the clustering technique to group the reviewed papers based on the similarity of the
considered factors to observe the trend in walkability analysis over the years. Hierarchical
Clustering Technique with agglomeration approach was applied to develop the clusters. A total of
twenty factors considered from four different criteria were considered to develop the cluster
groups.
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3.2.1 Selection Criteria for Reviewed Papers
The reviewed articles for this study were selected sequentially and systematically.
Different literature articles related to walkability measures and its application on transportation
planning and engineering, urban planning, and health issues were mainly focused on this study.
Different search engines related to academic and web-based databases were used to search the
literature, such as TRID, Semantic Scholar, Engineering Village, Google Scholar, and Web of
Science for the years between 1996 and 2019. The search items were considered for walk score
and walkability index measurement, walkability and associated physical, aesthetic, and built
environment variables, advanced (e.g., machine learning-based method) walkability measure and
associated variables, image audit/processing, and computer vision for walkability measure with
associated variables. We excluded the duplicate publications from different search engines after
the first screening and received around 1020 articles from 180 journals and conference
proceedings. After the first screening, we selected 200 papers that matched our defined criteria.
Finally, we chose a total of 83 articles from 40 different journals and conference proceedings as
the final list of articles for this study (Figure 3.1).
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Figure 3.1 Overall Procedure of the Systematic Literature Selection
A data extraction sheet was prepared and cross-checked by authors for documenting the
final review articles. We used the walkability definitions of Litman (2003) and Park et al. (2014)
to select the review papers. Based on the exposure definition of this review, we considered only
the walkability measures related to the quality of the walking environment and condition for
physical, aesthetic, and built environment variables related to active transportation outcomes.
Based on the approach mentioned by Grasser et al. (2013) for selecting cross-sectional and
longitudinal studies, we also considered three out of five predefined quality criteria (i.e., response
rate, representativeness, validity/reliability of outcome measure, sample size, description of data)
for cross-sectional studies, and four out of six (i.e., description of study participants, similarity
between groups, validity/reliability of outcome measure, amount of follow-up, sample size,
similarity of group treatment) for longitudinal studies. In this study, we included papers only 1)
published in scientific journals and conference proceedings, 2) written in English, 3) accessible
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via the Internet, and 4) that clearly demonstrated the variable types (e.g., subjective or objective),
study approach and methods/tools for walkability measurement, the scale of analysis, and
validation of walk scores
3.2.2 Analysis Factors from Reviewed Papers
The selected articles were reviewed and analyzed with four different criteria: 1) the location
of the case study, 2) the scale of analysis, 3) variable measurement types, and 4) approaches/tools
for measuring walkability. The trend of attributes/variables used for measuring the walkability was
also analyzed over the years. Those four criteria were subdivided into a total of 20 factors. Table
3.1 shows the description of the criteria and associated factors that were considered in this study.
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Table 3.1 List of Criteria and Associated Factors Analyzed from Reviewed Papers
Criteria
Case Study
Geographical
Region

Scale/Level of
Analysis

Sub-division of
criteria (Factors)
North America
Asia
Europe
Africa
Australia
State/Provincelevel
City-level
Neighborhood level
Street-level

Variables
Measurement
Types

Subjective
Approach
Objective
Approach
Mixed Approach

Method/tools
for Measuring
Walkability

GIS-based
Analysis
Questionnaire
Survey
Physical
Interview/Semistructured
Interview
Physical Audit
Street Image
Audit
Instrumental
Audit
Image Processing
Mixed Methods

Definition/Explanation

Example

Case study location for the observed
studies.
Macro-scale type, where walkability is
measured for the whole state.
Large metropolitan/urban area-wide
analysis, where walkability is
measured for the entire township/city.
Meso-scale type, where walkability is
measured for the whole
neighborhood/census tract/TAZ.
Micro-scale type, which is the finest
level for walkability measure, usually
within the range of eyesight and
connected to the human-scale.
Approach to measure a variable that
can be quantified using a person’s own
perception of measurement that may or
may not be replicated in other studies.
Approach to measure a variable that
can be quantified using the standard
method of measurement that can be
replicated in other studies.
Combination of both objective and
subjective approaches are used to
measure variables.
Use ArcGIS as a tool to measure the
variables.
Prepare online/web-based
questionnaire to obtain walkability
information from users.
Participatory approach/interview to
obtain information by face-to-face
user’s communication.
Network/area/street-wide auditing with
on-site checklist.
Street corridor-based auditing with
Google street view or other 3-D
images.
Neighborhood/street corridor-based
audit with built-in mobile applications
and devices.
Use supervised/unsupervised image
processing technique to assess
particular variable.
Combination of any two or more above
mentioned methods.
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User’s perception, expert panel
judgment, sense of safety and
security, aesthetics of footpaths.
Measuring the built-environment
variable, such as density,
distance, diversity, etc.
Both aesthetics of sidewalk and
land-use of the neighborhood.
Neighborhood diversity, distance
to facilities, etc.
Socio-demographic information,
perceived walk score, etc.
Sense of safety, comfort, perceived
walkability, etc.
Sidewalk availability, greenery,
etc.
Aesthetics, availability of traffic
signal, trails, etc.
Aesthetics, comfort, convenience,
etc.
Green view index, sky view, etc.
Neighborhood density by
combining GIS-based method and
perceived walkability based on a
questionnaire survey.

3.2.3 Cluster Formation and Trend Analysis
3.2.3.1 Data Preparation
In this study, we used a cluster analysis technique to identify individual article’s association
within the twenty factors aforementioned in Table 3.1. That is, we treated each article as a case
and classified based on those 20 factors. Table 3.2 shows a summary of all reviewed articles by
the study year, location, the scale of analysis, variable name and types, and method/tools for
measuring walkability.
Table 3.2 Summary of Reviewed Articles
Author Name and Year

Case Study Locations

Scale of
Analysis

Variable
Measureme
nt
Approach

Method/
tools for
Measurin
g
Walkabili
ty

Major
categories of
Attributes/
Variables for
Measuring
Walkability

Amouhadi 2019
Su et al. 2019
Rajendran et al. 2019
Shaaban 2019
Ropars & Morency 2018
Gu et al. 2018
Smart 2018
Battista & Manaugh
2018
Jio & McGrath 2018
Nugroho et al. 2018
Hamidi & Moazzeni 2018
Yaman et al. 2018
Shatu &Yigitcanlar 2018
Luo & Wu 2018
Lu 2018
Lu 2018
Shen et al. 2018

Cape Town, South Africa
China
India
Doha, Qatar
Canada
China
USA
Montreal, Canada

Street
Neighborhood
Street
Street
Neighborhood
Street
State
Street

Subjective
Mixed
Subjective
Objective
Objective
Objective
Mixed
Subjective

Ins. A
Mix
Interview
PA
G
G
QA
Mix

S, C
A, As
I, S, C
I, C
I, A, D
I, S, C
D
I, D

Florida, USA
Indonesia
Texas, USA
Turkey
Brisbane, Australia
California, USA
Hong Kong
Hong Kong
Hong Kong, Singapore, LA,
NY
Massachusetts, USA
Sardinia, Italy
London
Hong Kong
Nanjing, China
Porto Metropolitan Area

Neighborhood
City
Neighborhood
Neighborhood
City
Street
Street
Neighborhood
Street

Objective
Subjective
Objective
Subjective
Subjective
Objective
Mixed
Mixed
Objective

G
Interview
Mix
Interview
Mix
IP
IP
Mix
IP

I, A, D, As
A, S, C
I, A, , C, As
I, S, C
I, D
I
I, D, As
D, As
I, As

Street
City
City
Street
Neighborhood
Neighborhood

Objective
Subjective
Objective
Mixed
Mixed
Objective

Mix
Mix
IP
Ins. A
G
G

As
I, C, As
As
I, C
A
I, A, D

Nerima & Kanuma, Japan
Singapore
Lisbon, Portugal
Massachusetts, USA
New York, USA
Alberta, Canada
New York, USA
Salt Lake City, Utah, USA
London

Neighborhood
Street
Street
Street
Street
Street
Street
City
City

Objective
Subjective
Subjective
Objective
Objective
Mixed
Objective
Objective
Objective

G
Mix
Mix
IP
G
Mix
IP
Mix
G

I, A, D
I, A, As
I, D, S, C, As
As
As
A, D
As
A, D, S
I, D

Li et al. 2018
Blecic et at. 2018
Law et al. 2018
Xau et al. 2018
Xia et al. 2018
Ribeiro & Hoffimann
2018
Koohsari et al. 2018
Erath et al. 2017
Moura et al. 2017
Li and Seiferling 2017
Yin 2017
Nykiforuk et al. 2016
Yin and Wang 2016
Tribby et al. 2016
Stockton et al. 2016
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Klein et al. 2015
Yin et al. 2015
Li et al. 2015
Park et al. 2014
Lee & Talen 2014
Peiravian et al. 2014
Ewing et al. 2013
Giles-Corti et al. 2013
Kamel 2013
Kim & Kang, 2013
Senlet & Elgammal 2012
McCormack et al. 2012
Kelly et al. 2011
Rundle et al. 2011
Frank et al. 2010
Clarke et al. 2010
Ewing &Handy 2009
Krambeck & Shah 2008
Creatore et al. 2007
Owen et al. 2007
Clifton et al. 2007
Leslie et al. 2007
Hoehner 2007
Doyle et al. 2006
Day et al. 2006
Rodríguez et al. 2006
Dannenberg 2005
Frank et al. 2005
Leslie 2005
Gauvin et al. 2005
Wellar 2004
Humpel et al. 2004
Saelens et al. 2003
Giles-Corti & Donovan
2003
Pikora et al. 2002
Allan 2001
Gallin 2001
Isaacs 2000
Audirac 1999
Southworth 1997
Dixon 1996
Moudon 1996
Handy 1996

Luxembourg
New York, USA
New York, USA
California, USA
Not Defined
City of Chicago, USA
New York, USA
Perth, Australia
Dammam, Saudi Arabia
Cheonan, Korea
New Jersey, USA
Western Australia
Leeds, UK
New York, USA
Washington & Maryland, USA
Chicago, USA
New York, USA
China
Toronto, Canada
Australia
Maryland, USA
Australia
Missouri, USA
Different States in USA
CA & MN, USA
North Carolina, USA
Atlanta, USA
Atlanta, USA
Adelaide, South Australia
Montreal, Canada
Ontario, Canada
Australia
California, USA
Perth, Western Australia

Street
City
Street
Street
Neighborhood
Neighborhood
Neighborhood
Neighborhood
City
Street
Street
Neighborhood
Street
Neighborhood
Neighborhood
Neighborhood
Street
City
Neighborhood
Neighborhood
Street
Neighborhood
Neighborhood
State
City
Neighborhood
Neighborhood
Neighborhood
Neighborhood
Neighborhood
Neighborhood
Neighborhood
Neighborhood
Neighborhood

Objective
Objective
Objective
Objective
Objective
Objective
Objective
Subjective
Subjective
Mixed
Objective
Mixed
Subjective
Objective
Objective
Objective
Mixed
Objective
Objective
Objective
Objective
Objective
Objective
Objective
Objective
Mixed
Mixed
Objective
Mixed
Subjective
Mixed
Subjective
Mixed
Mixed

G
IP
IP
PA
IA
G
PA
Mix
Interview
QA
Ins. A
Mix
Interview
IA
G
IA
Mix
QA
G
G
PA
G
PA
G
PA
Mix
Mix
G
Mix
Interview
PA
Interview
Mix
Mix

I, A, D, As
I
As
I, C, As
I, A, D, S, As
D
I, A, D, S, C, As
A, As
I, C, As
I, D
I
I, D, S, C
I, S, C
I, D, S, C, As
I, D
D, C, As
C, A
I, D, S, C
A, D
I, D
I, C, As
I, D
I, D, C
I, D
I, A, D, S, As
I, D
I, A, As
I, A, D
I, D, S
A, D, S, C
I
A, C, As
I, D, S, C
A, As

Western Australia
Adelaide, Australia
Western Australia
Dresden, Germany
Florida, USA
California, USA
Florida, USA
Washington, USA
Austin, USA

City
Neighborhood
Street
Neighborhood
Neighborhood
Neighborhood
Street
Neighborhood
Neighborhood

Objective
Objective
Mixed
Subjective
Subjective
Mixed
Objective
Objective
Mixed

PA
G
PA
Mix
Mix
Mix
PA
PA
Mix

I, A, S, As
A
I, D, S, C
C, As
A, D
I, A, C
I, D
D
I, A, D

(Where, Abbreviation for Methods/tools: G = GIS-based method, IA = Image Audit, IP = Image Processing, Ins. A = Instrument
Audit, Mix = Mixed methods, PA = Physical audit, QA = Questionnaire; Abbreviation for Attributes/Variables: I = Infrastructure
Design/Level of Service, A = Accessibility/Proximity to Facilities, D = Demographics and land Use Characteristics, S = Safety and
Security, C = Comfort & Convenience, As = Aesthetics)

The above factors considered for each individual case (study article) were in the form of
qualitative data types, which was somewhat problematic and difficult in finding associations
among themselves. There are some available software tools for qualitative data analysis, such as
NVivo, QDA Miner, and ANTRHOPAC, which are basically text-mining tools and used for
qualitative cluster analysis (Silver and Lewins, 2014; Guest and McLellan, 2003). However, those
tools were experienced with some limitations in terms of the number of allowed items, available
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measures and techniques, available data array used to form the clusters, and falling short before
merging. (Macia, 2015).
To overcome this limitation, in this study, we transformed qualitative data into binary data
types, where values were coded either 1 or 0 representing the presence or absence of a given factor.
For this study, we generated a column (a total of 20 columns for 20 factors) for each possible
value, and in each case (row) assigning a 1 if that value was present/true, and 0 if it was not. For
example, if the variable measurement type of a case (literature paper) is objective, we coded as 1
against the factor type: Objective, and coded 0 for other types (subjective and mixed) for that case.
The input data dimension for the cluster analysis was [n×𝑚] vector, where n is the total number of
cases (literature papers) and 𝑚 is the total number of factors. Here, we have 75 total number of
cases (6 cases were excluded, since they were literature review papers) and 20 total number of
factors, which was described in Table 3.1.
3.2.3.2 Selecting a Clustering Method and Distance Measure
Since hierarchical clustering is appropriate for binary data (Everitt et al., 2001), we applied
the agglomerative hierarchical clustering technique in this study to assess the similarity between
the cases in terms of all of the 20 factors. We used SPSS software to develop the clusters, since it
already has an option for analyzing binary data. An appropriate distance measure is important for
comparing the clusters, and we chose “between-group linkages,” since it is appropriate for binary
data in determining their similarity/dissimilarity in each step of the clustering process (Macia,
2015). In terms of considering similarity measures, we used dice similarity measure to form the
cluster groups by heightening the importance of shared positives between the cases (Kaufman and
Rousseeuw, 2009).
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3.2.3.3 Optimal Grouping
After performing hierarchical clustering, the next fundamental task was to determine the
cluster solution to be retained for the analysis. We used the silhouette width in order to determine
the optimal number of clusters by estimating the average distance between clusters. It measured
the proximity to examine the closeness between each point (case) in one cluster to other points
(cases) in the neighboring clusters. Equation 1 showed the calculation for silhouette width, where
the value ranges between 0 (observation lies between two clusters) and 1 (very well clustered)
(Charred et al., 2014).

𝑆𝑖𝑙ℎ𝑜𝑢𝑒𝑡𝑡𝑒 𝑤𝑖𝑑𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑖, (𝑆 ) =

(

)
( , )

(1)

Where,
𝑎 = average dissimilarity between i and all other points of the cluster to which i belongs (within
cluster distance)
𝑏 = 𝑚𝑖𝑛 d(i, C), where d (i, C) = average dissimilarity of i and all other points of other clusters
C, to which i does not belong (average dissimilarity between i and its “neighbor” cluster).
3.3 Analysis and Numerical Results
3.3.1 Descriptive Statistics of Reviewed Papers
In this study, a total of 83 articles were selected for review from 40 journals and conference
proceedings. Figure 3.2 shows the descriptive statistics of study year, journal and conference
proceeding names with the frequency of occurrences for the reviewed papers. The majority of the
articles were published in Transportation Research Record, American Journal of Preventive
Medicine, Journal of Transport Geography, Landscape and Urban Planning, and Transport. For
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articles from conference proceedings, the majority of them were from the Transportation Research
Board meetings and the International Symposium on Transportation and Development.
As for the year of publication, the number of articles has been increasing in recent years.
In general, more than one-third of the total articles considered were published between 2016 and
2019.

Frequency of Occurrence

40
30

Study Year Trend for Reviewed Papers

20
10
0
1996-2000

2001-2005
# of Studies

Publication in Journal

2006-2010

2011-2015

2016-2019

# of Journals/Conferences

Publication in Conference Proceeding
TRB Conference
Proceedings of the National
Academy of Sciences of the…
International Symposium on
Transportation and…
International Symposium on
Advancement of…
International Pedestrian
Conference
International Conference on
Pattern Recognition
International Conference on
Electrical Engineering and…
International Conference on
Computational Science and…
International Cartographic
Conference

0

2

4

6

8

Frequency of Occurrence

Figure 3.2 Analysis of Study Year, Journal and Conference Names for Reviewed Articles
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As shown in Figure 3.3, walkability studies were evidently conducted in most of the
continents around the world, such as North America, Asia, Europe, Africa, and Australia. In terms
of case study locations, the majority of the reviewed studies were conducted in the United States.,
Canada, London, Australia, and China. Specifically, a significant amount of walkability studies
were conducted in New York (Ewing and Handy, 2009), Massachusetts (Li et al., 2018), Florida
(Audirac, 1999), and California (Park et al., 2014) in the United States; Calgary (Ropars and
Morency, 2018), Montreal (Battista and Manaugh, 2018), and Ontario (Wellar, 2004) in Canada;
and Adelaide (Allan, 2001), Brisbane (Shatu and Yigitcanlar, 2018), and Perth (Giles-Corti et al.,
2013) in Australia.

Figure 3.3 Worldwide Case Study Locations for the Reviewed Articles
Walkability was measured for various scales and levels, ranging from a macro
(state/province) level to a micro (street) level. However, Figure 3.4 clearly shows that almost twothird of the total reviewed articles measured the walkability and explored the relationship between
various built-environment, physical, and aesthetic attributes considered at neighborhood and street
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scale. More than half of the total articles took an objective approach in measuring the walkability
variables. However, there were other studies that used subjective and mixed approaches when
measuring walkability. For example, Kelly et al. (2011) designed three different types of survey
(stated preference survey, on-street survey, and mobile survey) to assess the walkability by
obtaining pedestrian perception about roadway and sidewalk characteristics, safety, comfort, and
convenience.
For measuring walkability, more than half of the reviewed articles used the GIS-based
method, mixed method, or physical audit. In addition, different mixed methods were applied to
measuring the walkability, such as GIS-based and image audit, GIS-based and survey, and
interview and audit. In recent years, image and instrument audit (Lu et al., 2018; Shatu and
Yigitcanlar, 2018; Blecic et al., 2018; Xau et al., 2018) were used to measure the walkability
variables due to the availability of street profile view images and advances in computer
applications.

No. of Reviewed Papers

Scale of Analysis

Variable Measurement Types

35
30
25
20
15
10
5
0

19%

58%

38

23%

Subjective
Approach
Objective
Approach
Mixed
Approach

Methods/Tools for Walkability Measurement
Mixed Method Types
 GIS-based and Image Audit
 GIS-based and Interview
 GIS-based and Physical Audit
 GIS-based and Survey
 GIS-based, Survey, and Audit
 Image Audit and Instrumental
Audit
 Interview and Audit
 Interview, Physical, and
Virtual Audit
 Survey and Audit

GIS Analysis
Mixed Methods
Physical Audit
Street Image Audit
Instrumental Audit
Questionnaire Survey
Physical/Semi-structured…
Image Processing
0

5

10

15

20

No. of Reviewed Papers

Figure 3.4 Descriptive of the Reviewed Articles for the Scale of Analysis, Variable Types,
and Methods/Tools for Measuring Walkability
3.3.2 Cluster Output and Analysis
We used all 20 factors described in Table 3.1 when grouping the reviewed articles. After
examining different cluster combinations ranging from 2 to 10, we found that the highest silhouette
width for K (number of groups) was 5. It was regarded as the optimal number of clusters in our
study (see Figure 3.5). To observe the relationship between considered factors and corresponding
cluster groups, we performed a chi-square test (X-squared = 369.77, df = 96, p-value < 2.2e-16),
which showed the row (factors) and the column (clusters) variables were statistically significant
(p-value = 0).
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Figure 3.5 Evaluation for the Optimal Number of Clusters
A contingency table (Table 3.3) was developed to observe the frequency distribution of
different contributing factors across the five clusters. In each cluster, we received a group of similar
articles in terms of considered analysis factors, resulting from a combination of 10 to 19 articles.
Table 3.3 shows contingency with a choropleth diagram to observe the dominant/contributing
factors over the cluster groups with a range of colors from red (very low contribution) to green
(very high contribution). In addition, the statistics of published years were grouped in each cluster.
The published years were incorporated to observe the trend over the years for each cluster group.
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Table 3.3 Relationship of Analysis Criteria and Factors across the Cluster Groups
Study Publication
Year
1996-2000
2001-2005
2006-2010
2011-2015
2016-2019
Analysis
Criteria

Geographical
Region

Scale of Analysis

Variable
Measure Types

Method/Tools
for Walkability
Measure

Cluster-1
(18)

Cluster-2
(13)

Cluster-3
(19)

Cluster-4
(15)

Cluster-5
(10)

5
5
2
2
4

1
2
6
1
3

1
5
3
8
0

0
0
1
0
14

0
0
0
1
9

Total
6
12
12
14
31

Factors

Cluster-1

Cluster-2

Cluster-3

Cluster-4

Cluster-5

Total

North America
Asia
Europe
Africa
Australia
Total
State
City
Neighborhood
Street
Total
Subjective Approach
Objective Approach
Mixed Approach
Total
GIS-based method
Questionnaire Survey
Interview
Physical Audit
Image Audit
Instrumental Audit
Image Processing
Mixed Method
Total

10
6
0
0
2
18
1
1
12
4
18
3
0
15
18
1
5
0
1
0
1
1
9
18

8
0
1
0
4
13
1
0
12
0
13
0
13
0
13
12
0
0
0
1
0
0
0
13

15
0
2
0
2
19
1
3
5
10
19
1
16
2
19
1
0
1
12
2
1
2
0
19

10
3
2
0
0
15
1
5
1
8
15
0
15
0
15
3
1
0
1
0
3
5
2
15

2
3
3
1
1
10
0
4
1
5
10
10
0
0
10
0
0
4
0
0
1
0
5
10

45
12
8
1
9
75
4
13
31
27
75
14
44
17
75
17
6
5
14
3
6
8
16
75

The semantic meaning and influential characteristics of each cluster is defined based on
the contribution (cell highlighted with green color) of the factors for that group. For example,
cluster-1 was formed with a majority of the articles published between 1996 and 2005; whereas
articles published between 2006 and 2010 were prominent in grouping cluster-2. Similarly, most
of the articles published between 2011 and 2015 were grouped in cluster-3. However, both cluster4 and cluster-5 were formed with a majority of articles published between 2016 and 2019. In
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geographical classification, North America with a combination of Asia and Australia were
prominent as case study locations in most of the cluster groups. In respect to the scale of analysis,
most of the articles that measured walkability at neighborhood scale were grouped in cluster-1 and
cluster-2. However, the other studies that measured walkability for street- and city-level were
prominent in cluster-3, 4, and 5. In respect to variable measurement type, the articles that used
mixed-type approach showed higher contribution to form cluster-1. The articles that measured
their variables objectively were mostly grouped in cluster-2 to cluster-4. Some other studies used
subjective judgment for measuring the walkability variables, which were grouped in cluster-5. In
terms of method/tools, the articles that formed cluster-1 mainly applied questionnaire survey and
mixed type of methods for measuring walkability. Contrary, GIS-based method was applied by
most of the articles that formed cluster-2. For cluster-3, physical audit tool was applied by the
majority of the articles to measure walkability. As further improvement of physical audit tool,
image and instrument audit were applied by the articles that formed cluster-4. A list of articles
that applied interview with a mixed-type of methods for measuring walkability, were prominent
to form cluster-5.
3.4 Discussion and Walkability Trend Analysis
Based on the above cluster output, we developed a trend analysis (Figure 3.6) by
summarizing the potential important relationship between analysis factors and cluster groups. We
utilized cluster membership as a code for developing Figure 3.6. We rearranged the cluster groups
based on study year for better understanding the trend analysis. We also analyzed the walkability
variables/attributes over the years for each cluster group by applying word frequency approach
through considering the articles in each group.
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Geographic
Region for Case
Locations

Cluster-1

Cluster-2

Cluster-3

Cluster-4

Cluster-5

1996-2005

2006-2010

2011-2015

2016-2019

2016-2019

North America

North America

Asia and
Europe

North America North America
and Asia
and Australia

Scale of
Analysis

Neighborhood

Neighborhood

Street

Street

City and Streets

Variable
Measure Types

Mixed

Objective

Objective

Objective

Subjective

Method/
tools for
Walkability
Measure

Mixed-Method

GIS-based
Method

Physical Audit

Image Audit and Interview and
Instrumental Audit Mixed Method

Variables or
Attributes

Figure 3.6 Analysis of Walkability Trends over the Years
A dynamic trend and heterogeneous shift in walkability analysis over the years could be
observed from Figure 3.6. In the early years (1996-2005), most of the walkability studies were
conducted in neighborhood scale and considered the case locations at North America and Asia.
They measured walkability by applying the mixed type of tools with a combination of interview
and survey (Audirac, 1999), GIS and audit (Southworth, 1997), and survey and GIS (Handy,
1996), where the majority of variables were measured by considering both subjective and objective
approach. In terms of considering walkability variables, they mostly consider the attributes related
to accessibility/proximity to destination facilities in accordance with roadway characteristics and
level of service attributes. For example, Handy (1996) used survey responses and GIS-based data
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to assess the neighborhood walkability by considering attributes related to transit access, sidewalk
characteristics and adjacent street information, demographics, and roadway comfort.
In the later time period (2006-2010), walkability studies were continued through
considering neighborhood as the scale of analysis, which were mostly conducted in the North
America and Australia regions. Most of the studies applied GIS-based tool with an approach to
objectively measure the walkability variables. The walkability variables related to neighborhood
density and diversity in surrounding land-use characteristics were mostly considered for
walkability score development. For example, Frank et al. (2009) applied GIS-based technique to
measure walkability by calculating z-score of street connectivity, net residential density,
commercial density, and land use mix. In the years between 2011 and 2015, a shift in the scale of
walkability analysis was noticed, where most of the articles in the North America region
considered street-level walkability analysis instead of neighborhood-based analysis. The physical
audit tool was mainly applied for walkability measurement in that era (2011-2015) for most of the
studies, where the objective approach was considered for measuring the variables mostly related
to infrastructure design and roadway level of service. For example, Park et al. (2014) developed a
street-level walkability index by applying physical audit approach through considering variables
related to sidewalk design, connectivity, pedestrian infrastructure facilities, street scale, and
enclosure, in accordance with considering other aesthetics attributes.
In recent years (2016-2019), the trend in walkability analysis was observed with a two-way
direction of walkability researches. One group of researchers (considered North America region
as the case study location) mostly focused on street-level walkability analysis by applying images
and instrument audit tool in terms of objectively assessing the walkability variables. In respect to
walkability variables, the recent studies mostly focused on attributes related to street-level urban
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design qualities, such as aesthetics, comfort/convenience, and enclosures. For example, Yin (2017)
conducted a study on measuring walkability based on street-level urban design qualities, such as
street enclosure, sky view factor, comfort, human scale, transparency, complexity, and
imageability of the place. Conversely, another group of recent studies mostly focused on both large
(city-level) and small (street-level) scale walkability analysis conducted in the Asia and Europe
regions. They applied interview and mixed-method tools by subjectively assessing the walkability
variables related to neighborhood security, safety from crime, and safety from traffic. For example,
Gu et al. (2018) conducted a city-wide walkability analysis by considering traffic safety and
security, sidewalk comfort, and convenience.
Research in walkability have come a long way and gained maturity in terms of theoretical
concept and operationalize perspective with different formal metrics, audit protocols, evaluation
methods, and tools for decision and design support. From the above trend analysis, it could be
deduced that the walkability analysis is shifting towards more on street-level analysis with
considering urban design, street quality, aesthetics, and comfort/convenience variables in addition
to other built-environment variables.
At present, the company Walk Score® provides the walkability in a large scale, such as
postal code-based walkability for North America and Australia. However, they only consider the
accessibility/proximity to the nearest group of preselected destination facilities, block length, and
the intersection density around the origin for measuring the walkability. Based on the review paper
conducted by Hall and Ram (2018), the Walk Score® was best understood as a measurement of
walkability for the purposive or utilitarian “walking potential” of a place. One of the reasons for
not considering the other built environment and urban design qualities for walkability
measurement could be lack of automation in large-scale data collection (Xau et al., 2018). In terms
45

of future direction, the problem could be solved by managing “Big Data” related to street design
and urban design qualities through machine learning approaches and artificial neural network. The
technology of “Big Data” leads to a new thinking paradigm about scientific research, which can
be useful in walkability research (Lu et al., 2018; Tong et al., 2016). Comprehensive
approaches/techniques could be advanced to measure large-scale walkability in a systematic and
automated way by applying image processing and spatial analysis (Hasan and Oh, 2019).
Automatic data collection and walkability measures could be replaced with traditional manual
audit tools (either in situ or of the photos on-screen) (Xau et al., 2018), where variables could be
measured objectively by collecting the perception of quality, pleasantness, comfort, and sense of
security of pedestrian routes.
In the era of big data and machine learning revolution, computer vision and image
processing approaches could be advanced in measuring future walkability due to the abundance in
street-view imagery and geo-data. Different supervised and unsupervised image segmentation
techniques (e.g., pixel clustering, support vector, biasing approach, convolutional neural network,
etc.) could be applied to identify and extract the walkability variables from roadside street view
images from available sites, such as Google street view, Mapillary, and OpenStreetCam. Semantic
segmentation technique is one of the applications of Artificial Intelligence (AI) which is developed
based on deep convolutional neural network (CNN) (Long et al., 2015). This is one of the best
techniques to extract attributes from a roadside scene or images, which labels each pixel in the
image with a classification and localizes the whole objects in the image as a scenic view
(Rosebrock, 2018). A list of walkability variables related to street quality, sidewalk characteristics,
and urban design attributes could be assessed via visual environmental analysis through image
processing technique. For example, sidewalk availability, adjacent lanes, trails, and pedestrian
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support facilities could be extracted from street-view images related to sidewalk characteristics.
Pavement type, outdoor benches, bins, water fountains, and bike parking could be obtained related
to comfort and convenience. In respect to street quality, some other important walkability attributes
could be obtained by image processing, such as greenery, shade, historic buildings, street
taxonomy, sky view, building frontage, and fence cover.
In addition to image processing technique for obtaining street quality variables, recent
advancement in spatial mapping techniques (e.g., 3-D GIS, Remote sensing, OpenStreetMap, etc.)
could be helpful in obtaining automatic walkability data related to accessibility/proximity to transit
and other destinations, density and land use diversity attributes, and safety and security related
attributes for crash data analysis (Hasan and Oh, 2019).
3.5 Summary and Concluding Remarks
A drastic change in measuring walkability was observed over the years in terms of
walkability study scales, variables, analysis method/tools, and their measurement types. From the
review articles, it was evident that walkability research has increased an immense attention in
recent years in comparison to past years. Early studies tended to use neighborhood scale for
walkability analysis, where micro-level analysis (e.g., street-level) were prominent in recent years.
In the past years, majority of the articles considered objective approach to measure the variables
by using GIS-based tools and physical audit tools. At present, different images and instrument
audit tools were applied in addition to using interview and participatory approach for walkability
measurement

through

subjective

judgments.

Most

of

the

early

researches

used

accessibility/proximity to destination facilities, roadway level of service, and land-use
characteristics for measuring walkability. Whereas, different variables related to infrastructure
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design, street comfort/convenience, aesthetics, and urban design qualities were used in recent years
to develop the walkability scores.
There were other literature review-based articles which focused on walkability trend
analysis. However, most of the articles were not comprehensive in terms of focusing on worldwide
regions (Tong et al., 2016), analysis methods, or analysis criteria (Wang and Yang, 2019). In this
study, we conducted a comprehensive analysis, through a clustering method, to show the trend in
walkability researches by considering a list of existing walkability articles for the past 25 years.
We also discussed the future direction in walkability research, which could add value to explore
the walkability research in more advanced ways. The past, present, and future walkability trend
analysis in this study could be a guideline for further research in exploring new walkability
attributes and variables related to built environment and urban design qualities.
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CHAPTER IV
IDENTIFYING POTENTIAL WALKABILITY ATTRIBUTES
4.1 Introduction
A multitude of variables are required to analyze the overall walkability score. However, integrating
all variables of interest together generally results in an ineffective method in terms of human labor
and time. This study, therefore, identified some potential walkability attributes which have an
association with walking from a comprehensive list of variables related to the built environment,
urban design qualities, and roadway level-of-service used in last 25 years of walkability researches.
A list of 83 articles related to walkability measure was reviewed and synthesized in this study to
observe the walkability variables over the years. In this study, we used word frequency-based
analysis and grouped the analysis variables over the years. In addition to frequency-based analysis,
we applied Correspondence Analysis (CA) and Analytical Hierarchical Process (AHP) technique
to prioritize and select the potential walkability attributes. The final score and rank of walkability
variables were obtained through aggregating the scores/weights of three approaches by applying
Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) method in respect to
multi-criteria decision-making purposes.
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4.2 Methodology
4.2.1 Selection Criteria for Reviewed Papers
In this study, we selected the reviewed articles from our previous study refer to Hasan and Oh
(2020). The reviewed articles were selected in a sequential and systematic way. Based on the
exposure definition of walkability from Litman (2003) and Park et al. (2014), we selected the
review papers considering the physical, aesthetic, and built environment variables related to the
quality of the walking environment and walkability measures in terms of active transportation
outcomes.
4.2.2 Analysis Factors from Reviewed Papers
In this study, the walkability attributes/variables were analyzed based on five major categories,
which were observed from reviewed literature papers. Those major categories were shown in
Table-4.1, including roadway characteristics & level of service, street quality, safety & security,
accessibility/proximity to destination facilities, and neighborhood density & land-use
characteristics. In this study, we synthesized the reviewed articles and explained those five major
categories by further breaking down into 20 walkability attributes/variables. An example of
deliberated components those were considered to form the walkability attributes/variables were
also shown in Table-4.1.
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Table 4.1 List of Major Categories and Associated Attributes/Variables
Major Categories of
Attributes

Attributes/Variables

Example of considered components while analyzing
attributes/variables

Sidewalk
Characteristics (v1)
Adjacent Road
Characteristics (v2)

Sidewalk availability, connectivity, width, path
network/pattern, route directness, surface cover, slope, etc.
Adjacent road types, density, median barrier, road lanes,
number of driveways, mid-block crosswalk facility, streetwall continuity ratio, etc.
Intersection density, size, crosswalk visibility, availability
of zebra crossing, signalization types, pedestrian
signalization, right-turn warning light, etc.
Alternate walk facility, on-street parking, shoulder lane &
width, facility for adults and handicap, availability of
network barrier, surface cover, existence of buffer lines
between sidewalk and roads, greenways/trails, etc.
Availability of benches/outdoor dining, outdoor facilities
(e.g., bins, water fountain, bike parking, etc.), tree shade,
rain cover, weather/climate condition, infrastructure
Comfort (traffic calming), etc.
Noise/odor/dust, street trees/vegetation, historic building,
local architecture, attractiveness, etc.
Available meeting places, existence or visibility of anchor
places and landmarks, etc.
Street taxonomy and pattern (e.g., street names,
signposting, way finding, etc.)
The proportion of sky view, building frontage, first floor
with windows, building height, fence coverage, etc.
Pedestrian crash frequency, pedestrian crossing street sign,
clear sightlines, vehicle speed and volume, cars
disrespecting pedestrians or social discomfort, etc.
Rates of drug-related and violent crime rate, lighting
condition, CCTV, etc.
Dead-end/Cul-de-sac road, enforcement of pedestrian
regulations (law enforcement), presence of graffiti in the
segment, percent of the abandoned building, etc.
All types of recreational facilities (e.g., playgrounds,
amusement parks, picnic spots, swimming pools,
recreation centers, golf courses, etc.)
Transit stations, local bus stops, etc.

Roadway
Characteristics and Intersection
Level of Service Characteristics (v3)
Pedestrian Support
Facilities (v4)
Comfort/
Convenience (v5)

Street Quality

Aesthetics (v6)
Conviviality (v7)
Conspicuousness
(v8)
Enclosure (v9)
Safety from Traffic
(v10)

Safety and Security Safety from Crime
(v11)
Neighborhood
Security (v12)
Access to
Recreation (v13)

Accessibility/Proximity Access to Transit
to Facilities (v14)

Density and land Use
Characteristics

Access to Daily
Needs (v15)
Access to Other
Facilities (v16)
Demographics
(v17)
Neighborhood
Density (v18)
Activity Density
(v19)
Land Use
Characteristics
(v20)

Daily needs (e.g., gas station/convenience store, etc.)
Shopping malls, educational places, healthcare places,
food/restaurants, workplaces, etc.
Neighborhood people's age, sex, education, race, etc.
Neighborhood housing density, FAR, block/parcel size,
etc.
Neighborhood population density, employment density,
transit commuter density, walk commuter density, etc.
Land-use mix (residential, commercial, recreational,
institutional, etc.), pedestrian-friendly commercial area,
etc.
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4.2.3 Contingency Table and Correspondence Analysis (CA)
We considered each review paper as a case and analyzed that paper based on all of those
20 walkability variables/attributes. We developed a contingency table, where the variables were
coded according to Table-4.1, e.g., v1 = sidewalk characteristics, …., v20 = land-use
characteristics. After that, we developed the contingency table by observing the frequency
distribution over the years.
Correspondence Analysis (CA) was performed in this research with an aim to explore the
in-depth relationship between the major categories of walkability variables and their associated
subcomponents over the study years. CA was performed in this study by developing a contingency
table where, different groups of articles over the years were considered as the column/categorical
variables and the walkability attributes/variables as row variables. Correspondence Analysis is an
appropriate tool within the context of shared representation of rows and columns of a contingency
table by analyzing them in a lower-dimensional space (Lauri and Lauri, 2019).
Correspondence analysis (CA) is an extension of principal component analysis, which is a
geometric approach for visualizing the rows and columns of a two-way contingency table as points
in a low-dimensional space (Kassambara, 2017). It is suited to explore relationships among
qualitative variables or categorical data likewise factor analysis with a representation of some
dimensions/factors which explains the variability of the dataset (Yelland, 2010).
Likewise Principal Component Analysis (PCA) or Factor Analysis (FA), the number of
axis or dimensions to be retained for the CA analysis should be determined through observing the
eigenvalue (a measure of inertia, or variance, accounted for by a dimension). According to Franco
(2016) and Kassambara (2017), several rules could be followed for determining the number of
dimensions of CA analysis, such as (i) ﬁxed threshold value based on a cumulative percentage of
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inertia, (ii) average eigenvalue above which the axis should be kept in the solution; (iii) application
of the scree-test criterion. In this study, we applied (ii) and (iii) method for retaining the number
of dimensions for the analysis.
The quality (degree of association or goodness of ﬁt) of the row and column variables of
the factor map could be analyzed based on the square correlation (cos 2 value comprised between
0 and 1) to the associated dimension/factor. The contribution of each row/column variable to its
associated dimension was also calculated by CA analysis. The contribution of row/column variable
is the measure of explained variability of the dataset in respect to each dimension/factor. In this
study, we applied a cut-off value to find out the optimal row variables (walkability attributes) based
on the combined contribution of the first two dimensions (dim1 and dim2). For a given dataset, a
variable with a contribution larger than this cutoff could be considered as important in contributing
to form the contingency table (Kassambara, 2017). The cutoff value for each variable was
considered by following the method described in Kassambara (27), where an average value was
calculated based on the length of the row variables, e.g. (1/20) or 5% for our case. The calculation
for the combined contribution of dim1 and dim2 were shown in equation-1, where C denotes the
contribution for row variable and λ denotes the eigenvalue for the corresponding dimension.
Contribution for row variables, (C ) =

[(

∗

) (
(

∗
)

)

]

(1)

4.2.4 Analytical Hierarchical Process (AHP)
Analytical hierarchical process (AHP) is typically designed to solve complex multicriteria
decision problems, where the decision-maker needs to provide judgment about the relative
importance of each criterion and then specify a preference for each decision alternative using each
criterion (Saaty and Vargas, 2001). In this study, we applied the AHP technique to identify and
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prioritize walkability variables/attributes by observing the subjective judgment from expert
personnel. The weights of major categories and associated walkability variables/attributes was
collected through a pairwise comparison matrix from forty experts combining a different group of
professionals, including engineers, city planners, policymakers and academic researchers.
The AHP analysis for this study was developed in following steps (according to Kill et al.
(2016)): (1) calculating local weight for each alternative major category and its sub-divided
variables of walkability components, (2) calculating global weight for each alternative major
category of walkability variables, and (3) verify the local and global weights in terms of expert
judgment through calculating a consistency ratio related to a value less than or equal to 0.1 for
each group. Here, the local weight means the weight of each alternative attribute from different
expert opinion and the global weight means the aggregated weight of major categories and its
associated sub-categorical attributes.

In this study, we used a geometric mean calculation to

aggregate different local and global priorities processed from 40 expert personnel after checking
the consistency, suggested by Forman and Peniwati (1998).
For calculating the local weights, we formulated a pairwise comparison matrix by using a
scale of relative importance based on each expert’s opinion. After normalizing the elements of the
matrix table, we estimated the principal eigenvector (prioritized scores or local weights) for each
attribute by using equation-2, where 𝑁𝑊 denoted the corresponding normalized value for attribute
𝑖 and 𝑗 , yield a pair-wise square matrix [a ] n

× n

for n total number of attributes, and 𝐿𝑊 is the

local weight/principal eigenvector for attribute j. The sum of local weights of the total categories
or variables on the same hierarchy was 1.
Local weight/principal eigenvector for attribute j, (𝐿𝑊 ) = ∑
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(2)

According to Kil et al. (2016) for calculating the global weights of each alternative
variable, we multiplied the weights of each alternative by the local weights of its associated
category (shown in equation-3). For example, the value of the global weight for sidewalk was
equal to the local weight of the roadway characteristics category multiplied by the local weight of
sidewalk variable. The sum of global weight was also 1.
Global weight for attribute j, (𝐺𝑊

𝒋)

= 𝐿𝑊

𝒋

∗ 𝐿𝑊

𝒋

(3)

4.2.5 Final Ranking and Score Aggregation by TOPSIS Method
We used Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)
method to determine the final ranking of the walkability attributes by aggregating the
scores/weights measured from three different approaches, such as frequency-based, CA-based, and
AHP based scores. TOPSIS is a multi-criteria decision-making analysis method, which conducts
a compensatory aggregation that compares a set of alternatives by identifying and normalizing
scores for each criterion. It calculates the geometric distance between each alternative and the
ideal alternative (Roszkowska, 2011). Here, we considered a decision matrix with 20 walkability
attributes as alternatives and their corresponding scores/weights from three different approaches.
At first, we normalized the weight/score values to make it consistent in terms of multi-criteria
comparison. Then, we determined the PIS (Positive Ideal Solution) and NIS (Negative Ideal
Solution) with respect to each criterion and calculated the separation of each alternative from PIS
and NIS. Finally, we determined the ranking based on the closeness coefficient value of each
alternative variable, described in Roszkowska (2011).
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4.3 Analysis and Numerical Results
4.3.1 Descriptive Statistics and Word Frequency Analysis
For this study, a total of 40 Journals and Conference Proceedings were considered for the
selected 83 total reviewed articles. Figure-4.1a and 4.1b shows the descriptive statistics of study
year and Journal names in terms of frequency of occurrences for the reviewed papers. The majority
of the articles were published in Transportation Research Record, American Journal of Preventive
Medicine, Journal of Transport Geography, Landscape and Urban Planning, Transport, etc. In
terms of publication year, it showed a chronological upward trend in walkability researches in
recent years in comparison to previous years.
A frequency analysis of major categories and associated walkability variables were shown
in Figure-4.1c and 4.1d by critically synthesizing the reviewed articles. The variables related to
roadway characteristics were mostly utilized by the reviewed articles (Fig-4.1c) for walkability
measures.
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Figure 4.1 Frequency Distribution of Publication Year, Journal Names, Major Categories,
and Associated Walkability Attributes for the Reviewed Articles
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In addition, according to Fig-4.1d, the sub-categorical attributes of sidewalk availability
and adjacent roadway components, such as surrounding vehicle speed, density, etc. were mostly
focused by the review articles. Street qualities and urban design characteristics were mostly
followed by reviewed articles after roadway characteristics for assessing the walkability, where
comfort and aesthetics related variables were mainly focused by the articles (Fig-4.1d). Land use
diversities were mainly focused on the reviewed articles in terms of demographics and land use
characteristics related attributes, which was the third-highest category of variables in terms of
walkability measurement. In terms of major categories related to accessibility and proximity, most
of the articles considered different destinations of facilities, such as shopping malls, educational
places, healthcare places, food/restaurants, workplaces, etc. in accordance with facilities related to
daily needs, such as gas station, convenience store, etc. Safety and security were considered mostly
by the reviewed articles in terms of traffic safety, neighborhood security, crash analysis, crime
statistics related walkability variables.
In this study, a word frequency analysis was performed to visualize the contribution of
different categories of attributes over the years from 1996 to 2019 (Figure-4.2a). In addition to
word frequency analysis, we developed a contingency table (Figure-4.2b) by following the word
frequency results. For group 1, we considered the articles between 1996 and 2005 (year range was
large due to the few numbers of published articles before 2000) and observed a prominence of
attributes related to accessibility & proximity to destination places in accordance with roadway
characteristics and level of service-related variables. A diversity in usage of walkability attributes
was observed for group-2 in between 2006 and 2010, where land use and neighborhood density
related variables were influential in addition to accessibility and infrastructure design-related
variables.
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(a) Word frequency analysis over the years

1996-2005

2006-2010

2011-2015

(Group-1)

(Group-2)

(Group-3)

2016-2019
(Group-4)

(Group-5)

(b) Contingency table analysis over the years

Figure 4.2 Word Frequency and Contingency Table Analysis Over the Years
Infrastructure design and roadway level of service-related variables were mainly focused
on most of the articles published in between 2011 and 2015 (group-3). In the recent years of
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walkability studies (2016-2019), we observed a two-way direction in terms of the variable used to
measure the walkability. For example, a group of researches (group 4) mainly focused on street
quality variables related to urban design characteristics, such as comfort, aesthetics, enclosure, etc.
On the other hand, another group of researchers (group-5) mainly focused on safety and
neighborhood security-related walkability variables in addition to other variable related to roadway
characteristics.
4.3.2 Numerical Output of Correspondence Analysis
In this study, we performed a CA analysis with an aim to reduce the dimensionality of the
contingency table (Figure-4.2b) by observing the explanatory relationship between rows
(walkability attributes/variables) and columns (different groups of articles over the years). A chisquare test was conducted to observe the relationship between rows and columns of the
contingency table, which showed (X-squared = 90.78, df =76, p-value = 0.01184) a significant
dependency between themselves.
(a)

(b)

Figure 4.3 Scree Plot and Bi-Plot Diagram for CA Analysis
We retained the first two dimensions to explain the relationship between different rows and
columns according to CA analysis. For selecting the number of dimensions, a value of higher than
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average expected eigenvalue (25%) for each dimension was considered in accordance with a scree
plot diagram. Figure-4.3a showed a scree plot with the percent of variance explained by each
dimension, where a total of 62.82% inertia (variation) contained in the data were explained by the
first two dimensions (Dim1=36.68%; and Dim2 =26.13%). A symmetric biplot of the row and
column variables was shown in Fig-4.3b, where walkability variables were represented by blue
points, and different groups were represented by the red triangle. In biplot diagram, row or column
points with similar profile were closed on the factor map, and negatively correlated variables were
positioned on opposite sides (opposite quadrants) of the plot origin. For example, the articles that
constituted Group-1 and Group-2 were located in similar coordinates with positive correlation and
most of those articles considered similar types of walkability attributes, such as accessibility to
daily needs, adjacent roadway characteristics, neighborhood housing densities, and pedestrian
support facilities. On the other hand, sidewalk qualities, such as aesthetics, streetscape variables,
and street conviviality were mainly concentrated with Group-3 and Group-4, which was located at
the opposite coordinate. Group-5 was distributed at the utmost location of the factor map with the
concentration of the neighborhood safety, crime statistics, and security related walkability
attributes.
In addition to show the positions of row and column variables in symmetrical biplot
diagram, we also calculated the quality of individual row and column variable (Figure-4.4a). In
terms of row variables, pedestrian support facilities, safety from traffic, enclosure and
conspicuousness were mostly represented by dim1 and dim2, and the sum of cos 2 was close to 1.
In addition to those variables, the squared correlation of the variable to the dimension were more
than 0.5 for land use characteristics, comfort, adjacent road characteristics, sidewalk
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characteristics, aesthetics, and safety from crime. In respect to the quality for column variables,
Group-4 and Group-5 showed a very high correlation (more than 0.8) to dim1 and dim2.
(a) Quality Representation

(b) Contribution

Figure 4.4 Quality Representation and Contribution Diagram for Walkability Attributes
(Rows) and Different Groups (Columns) Over the Years Based on CA Analysis
In this study, the contribution of variables for accounting the variability in a given
dimension/factor were expressed by percentage (Figure 4.4b). The red dashed line over the graph
indicated the expected average value, above which the variables were considered important for
walkability analysis. In respect to calculated contribution for row variables, the most important
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walkability attributes according to CA analysis were sidewalk enclosure, neighborhood security,
safety from traffic, sidewalk comfort, conspicuousness, land use characteristics, safety from crime,
aesthetics, and surrounding demographics. In respect to calculated contribution of column
variables, the most important groups were observed as Group-4 and Group-5, where the articles
were published in between 2016 and 2019. The overall result showed that the contingency table
(showing walkability variables over the years) was successfully represented in low dimensional
space by using correspondence analysis. The CA analysis in this study identified some potential
influential walkability attributes which are being used for measuring walkability and walk score
during the last decade.
4.3.3 Output of AHP Survey
The prioritizing scores/weights of different walkability variables obtained from different
expert personnel through AHP survey was shown in Table-4.2. In terms of local weights for each
major category of walkability attributes, the values for safety & security (0.491) and
accessibility/proximities to destination facilities (0.153) indicated relatively higher level of
importance.
Among the variables related to roadway characteristics and level of service category, the
value for sidewalk characteristics (0.516) and intersection characteristics (0.273) showed the
highest importance. Safety from crime (0.636) was the highest important attribute related to the
safety and security category. The variable of the greatest importance in the street quality category
was comfort/convenience (0.383). The values of accessibility to transit (0.528) and daily needs
(0.296) were higher than those for other variables in the accessibility/proximity to facilities
category.
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Table 4.2 AHP Weighted Values for Walkability Attributes by Expert Personnel
Major Categories of
Attributes

Local
weight

Roadway
Characteristics and
Level of Service

0.113

Street Quality

0.140

Safety and Security

0.491

Accessibility/Proximity
to Facilities

0.153

Density and land Use
Characteristics

0.102

Attributes/Variables
Sidewalk Characteristics
Adjacent Road Characteristics
Intersection Characteristics
Pedestrian Support Facilities
Comfort/ Convenience
Aesthetics
Conviviality
Conspicuousness
Enclosure
Safety from Traffic
Safety from Crime
Neighborhood Security
Access to Recreation
Access to Transit
Access to Daily Needs
Access to Other Facilities
Demographics
Neighborhood Density
Activity Density
Land Use Characteristics

Local
weight

Global weight

0.516
0.069
0.273
0.143
0.383
0.100
0.240
0.226
0.052
0.280
0.636
0.084
0.088
0.528
0.296
0.088
0.107
0.295
0.477
0.121

0.0568
0.0075
0.0300
0.0157
0.0536
0.0140
0.0336
0.0316
0.0073
0.1374
0.3117
0.0409
0.0132
0.0792
0.0444
0.0132
0.0107
0.0295
0.0477
0.0121

In respect to global weights of AHP analysis, the walkability attributes/variables with the
five highest-ranked final weights were safety from crime (0.3117), safety from traffic (0.1374),
access to transit (0.0792), sidewalk characteristics (0.0567), and comfort/convenience (0.0535).
4.4 Discussion and Overall Ranking of Walkability Attributes
The walkability variables, those were analyzed in this study, could play a major role in
explaining the comprehensive walkability score in respect to neighborhood or city scale. These
variables could be used to determine the pedestrian route choice environment and to integrate the
dynamics of major variables for the reliability of walkability measurement. A comparison of
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different weights/scores for the alternative walkability attributes/variables obtained from three
different approaches were shown in Table-4.3.
Table 4.3 Aggregation and Ranking of Walkability Attributes by TOPSIS Method
Normalized Weights/Scores
Major Categories

Roadway Characteristics
and Level of Service

Street Quality

Safety and Security

Accessibility/Proximity
to Facilities

Density and land Use
Characteristics

TOPSIS Score
Closeness
Coefficient
Ranking
Score (CCI)
0.463
8

Frequencybased

CA

AHP

Sidewalk

0.357

0.126

0.152

Road

0.285

0.064

0.02

0.305

13

Intersection

0.232

0.153

0.08

0.324

12

Pedestrian Support Facilities

0.208

0.12

0.042

0.240

18

Comfort

0.327

0.345

0.144

0.651

1

Aesthetics

0.303

0.199

0.037

0.462

9

Conviviality

0.167

0.032

0.09

0.080

20

Conspicuousness

0.161

0.208

0.085

0.335

11

Enclosure

0.184

0.372

0.02

0.527

4

Safety from traffic

0.196

0.285

0.368

0.534

3

Safety from crime

0.161

0.242

0.835

0.550

2

Neighborhood Security

0.137

0.341

0.11

0.483

7

Access to recreation

0.196

0.26

0.035

0.428

10

Access to transit

0.149

0.162

0.212

0.279

16

Access to daily needs

0.196

0.139

0.119

0.265

17

Access to other facilities

0.238

0.132

0.035

0.298

14

Demographics
Neighborhood housing
Density
Activity Density

0.172

0.346

0.029

0.492

6

0.184

0.166

0.079

0.287

15

0.143

0.103

0.128

0.158

19

Land Use Characteristics

0.291

0.237

0.032

0.499

5

Walkability Attributes

In addition to that, we calculated an aggregated score (CCI score) by combining those
weights by applying the TOPSIS method. An overall ranking for different walkability attributes
was shown in Table-4.3, where the top five variables were as follows, comfort (CCI score: 0.651),
safety from crime (CCI score: 0.550), safety from traffic (CCI score: 0.534), enclosure (CCI score:
0.527), and land-use diversity (CCI score: 0.499).
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The weights/scores were obtained from word frequency-based analysis (based on reviewed
articles), CA analysis (factor/dimensional representation of variables from contingency table), and
AHP analysis through expert opinion. (Table-4.3). In respect to major walkability categories,
roadway characteristics and street quality were highly ranked according to frequency-based
approach, whereas safety, street quality, and accessibility/proximity to destination facilities were
highly rated according to CA analysis and AHP approach.
In respect to walkability variables, sidewalk characteristics and intersection characteristics
were highly rated according to all three approaches. Sidewalk characteristics, such as sidewalk
availability, connectivity to other sidewalks, wide width, attractive path network/pattern, route
directness, concrete surface cover, comfortable slope, etc., is proved with a positive impact for
walkability measurement and route choice purposes (Battista and Manaugh, 2018). On the
contrary, poor roadway design with bad sidewalk condition could significantly discourage people
in terms of walking and using the pathways (Rajendran et al., 2019). This, presumably, is the
reason behind sidewalk characteristics were selected by the three approaches as the most
influential walkability variable. The other important variables related to roadway category were
intersection characteristics, such as intersection density, size, crosswalk visibility, availability of
zebra crossing, signalization types, pedestrian signalization, right-turn warning light, etc. The
significance of intersection properties in walkability measurement could be explained from both
roadway design and safety sides. It is highly important to provide a pedestrian signal at busy roads,
where higher walkability score was observed for areas with more signalized intersections
(Lefebvre-Ropars and Morency, 2018).
Sidewalk comfort and enclosure were rated as major types of walkability variables in
respect to street quality category. In the recent years, roadway comfort and sidewalk convenience
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were highly considered as walkability variables by numerous articles. Different types of sidewalk
utilities and street-scape variables were considered in recent articles for measuring walkability,
such as benches, water fountain, bike parking etc., related to comfort/convenience; street greenery,
sky view, building frontage, and fence cover related to enclosure; meeting places and landmarks
related to conviviality; and street taxonomy related to conspicuousness (Xau et al., 2018). A list
of components related to comfort and enclosure variables in respect to street quality and urban
design attributes were being used to collect the perception of quality, pleasantness, comfort, and
sense of security for developing pedestrian routes (Li et al., 2018). Due to the abundance of streetview imagery and geo-data (Xau et al., 2018), these variables were obtained from image audit,
instrumental audit, and spatial analysis. In the era of big data and machine learning revolution,
computer vision with advanced image processing technique and Artificial Intelligence (AI) could
be applied to extract the walkability attributes automatically from roadside street view images
(Hasan and Oh, 2020) , Different supervised and unsupervised image segmentation technique (e.g.,
pixel clustering, support vector, biasing approach, convolutional neural network, etc.) could be
advanced to identify and extract the walkability variables from roadside street view images from
available sources, such as Google street view, Mapillary, OpenStreetMap, etc. In addition to image
processing technique for obtaining street quality variables, recent advancement in spatial mapping
techniques (e.g. 3-D GIS, Remote sensing, OpenStreetMap, etc.) could be helpful to obtain
automatic walkability data related to accessibility/proximity to transit and other destinations,
density and land use diversity attributes, and safety and security attributes for crash data analysis
(Hasan and Oh, 2019).
Safety from crime and safety from traffic were the key safety and security related
walkability variables. Safety issues have gained intensive attention in recent years for measuring
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walkability (Gu et al., 2018), where transportation engineers and planners focused on developing
smart cities with walk-friendly safe streets. The areas and neighborhoods with high crime rate were
rated as low walkability score (Tribby et al., 2016). In addition to that, high traffic volume and
major roads with higher speed were considered as risky to select an optimal route choice option
for walkability purposes (Erath et al., 2017).
Among the four accessibility-related variables, accessibility to recreation and accessibility
to daily needs were highly rated based on the approaches. Accessibility to nearest facilities could
be considered for measuring walkability in respect to explain the purposive or utilitarian “walking
potential” of a place. At present, the company “Walk Score®” provides the walkability on a largescale, such as postal-code based walkability for North America and Australia region. This
walkability was measured mostly based on the accessibility/proximity to the nearest group of
preselected destination facilities in addition to other land-use characteristics (Hall and Ram, 2018).
In addition to “Walk Score®” application, accessibility was considered in numerous articles to
measure walkability in terms of reaching different destination facilities related to daily needs and
recreational purposes, such as gas station, convenience store, playgrounds, amusement parks,
picnic spots, swimming pools, recreation centers, golf courses, etc. (Clarke et al., 2010).
Land use diversity and neighborhood housing density were two most important variables
related to density and land-use characteristics for walkability measures (Table-3). In some early
studies (2006-2010), walkability was measured objectively by applying GIS method through
considering neighborhood demographics and surrounding land-use diversity (Creatore et al.,
2007). For example, Frank et al. (2009) developed walk score by considering the neighborhood
activity density and surrounding built-environmental variables, such as net residential density,
commercial density, street connectivity, and land use diversity/mix.
68

These identified potential walkability variables in this study may be applied as a model or
framework for variable selection in various future studies. Furthermore, different correlation and
numerical analysis, conducted through measurement of each variable in on-the-spot surveys, will
further be helpful to understand the walkability measures and to develop walkable routes.
4.5 Summary and Concluding Remarks
A multitude of walkability variables were observed in this study from a list of walkability
researches which were conducted over the last two decades. Research in walkability have come a
long way and gained maturity in terms of utilizing different types of variables. Studies focused
different types of variables, such as objectively-measured built environmental attributes (Leslie et
al., 2007) or focused on variables specific to different walking purposes (Saelens and Handy,
2008), or only related to level of service (LOS) and characteristics for pedestrian footwalks
(Papageorgiou and Maimaris, 2017).
In respect to study limitation, this study did not consider some of the potential variables
related to walkability measures, such as weather and nature quality indicators related to climate,
topography, and water bodies (Maghelal and Capp, 2011). In addition to that, the reliability and
validity of these indices were not discussed in this study, which could be an issue to the further
development of future indices based on this analysis. In refer to AHP analysis, we did not separate
the opinions from individual group of experts (e.g. engineer group, planner group, etc.), which is
sometimes important in selecting influential variables. However, this study suggested a list of
potential walkability attributes, which could be a further guideline and recommendation for
transportation engineers and city planners in terms of sidewalk development. Comprehensive
walkability attributes listed in this study could be used for either small-scale detail analysis in
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measuring street-level and neighborhood walkability or large-scale (city-wide or state-wide)
walkability researches. The identified list of potential attributes in this study could be used to
calculate the walkability in an efficient and stable way. This study could contribute to detail level
analysis in analyzing the existing walkability variables and help in exploring the evolution of new
variables and constructs related to other built-environment and urban design characteristics.
In terms of further advancement in walkability researches, street-level micro-scale walkability
variables could be identified and measured in a more comprehensive and systematic way with the
help of recent advancement in machine learning and big data analysis. Automation in data
collection of walkability attributes/variables should be replaced with manual audit tools, where the
traditional way is inadequate for large-scale application and limited to applications on relatively
restricted urban areas. Image processing technique, in addition to upgraded spatial analysis, should
be applied comprehensively to automate the process to cover large geographic region for streetlevel walkability variable analysis. Based on the growing concept of smart and livable cities,
variables related to walkability and walking path infrastructure will be a major issue at near
autonomous and connected vehicle urbanism, where walking will be considered as a major mode
and solution for first/ last mile problem. More longitudinal research should be conducted to
identify the new walkability variables which could help in making a walking-friendly environment
by motivating and engaging people on active walking streets.
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CHAPTER V
EXPLORING THE RELATIONSHIP BETWEEN HUMAN WALKING TRAJECTORIES
AND SURROUNDING PHYSICAL-VISUAL ENVIRONMENT
5.1 Introduction
Considering the fact that, collecting street‐level built environment data is a challenging
task, most of the study use aggregated area level roadways environmental data (Harvey et al.,
2015). However, the area level data does not reflect the true scenario of built environment at streetlevel micro analysis (Li et al. 2018). In this study, we investigated the connection between human
walking activities and foot-walk visual environment at the street level by applying artificial
intelligence and spatial statistics analysis. We collected a large amount of human trajectory data
through developing a mobile application from the survey participants for the city of Kalamazoo,
Michigan and combined Google Street View (GSV) images to objectively assess the relationship
between human trajectory data and visual environmental attributes. The GSV images were
captured for every 300 foot apart along streets with a similar view angle to pedestrians, whereas
different environmental attributes were extracted from those images by applying Convolutional
Neural Network and spatial analysis. The following section of the paper is advanced with
methodology, experiment and numerical results, discussion, and concluding remarks.
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5.2 Methodology
5.2.1 Study Area and Data Collection
In this research, we considered Kalamazoo city as our case study area, which is located in
southwestern Michigan in the Kalamazoo-Portage MSA with a population of less than 500,000.
Kalamazoo is considered as a moderate walkable city, which is ranked as 20th most walkable city
in Michigan. There were not any walkability studies conducted at Kalamazoo before, and therefore
we were interested to observe the human walking activities along with assessing the visual
environmental analysis for the foot-walk over the entire city. Figure-5.1(a) shows the land-use
pattern and population overview and 5.1(b) shows the existing foot-walk types and non-motorized
facilities for Kalamazoo city.

(a)
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(b)
Figure 5.1 Existing Land-Use Pattern and Non-Motorized Facility for Kalamazoo City
The research team initiated a survey to collect the walking trajectories data for a total of 60
participants. The duration for data collection was 1 year from January 2018 to December 2018.
We developed a mobile phone application and installed it to each of the participant’s mobile phone
in respect to collect their daily walking trajectories. Data was collected in the form of Global
Positioning System (GPS) trajectories.
5.2.2 Data Treatment and Trip Number Estimation
After collecting the GPS trajectories, data was stored and analyzed through Geographic
Information System (GIS) software for further treatment. At first, we plotted the GPS points for
each of the individual trajectory line finding the origin and destination point. After that, we
converted the GPS trajectories to trajectory line for each individual trip by applying point to line
tool in ArcGIS. The original GPS locations in those trajectories were very noisy due to the location
capturing error for the densely building blocks and street trees. To correct the mismatches between
the human trajectories and the street maps, we applied Map-Matching algorithm (MM) based on
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OpenStreetMap data to match the measured longitudes/latitudes in human trajectory records to
roads. In addition, the walking trajectory data was considered for only local road, arterial, minor
arterial, and collector roadways; those trajectories on highways, ramps, and motorways were
removed from the analysis.
In this study, we stored and documented all of the trips by trip number and their associated
latitude and longitude points. In this study, we divided each of the trip length into different
segments for a length of 330 feet (approx. 100 meter) apart in respect to assess detail level
relationship for visual environmental analysis. The foot-walk sites were selected based on the
walking trajectories data along with the trip segments.
A total of 550 foot-walk sites were selected to assess the connection between walking
activities and foot-walk visual environmental analysis. We computed the trip number against each
of the test sites which is shown in Figure-5.2. For storing the foot-walk site dataset, we managed
the data based on test site number, road name, sidewalk type (e.g. on-road, off-road, shared with
non-motorized vehicles, pedestrian only way, trails etc.)., sidewalk location type, adjacent road
type (e.g. local, collectors, arterials etc.), adjacent road speed, segment length, etc.
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Figure 5.2 Pedestrian Trip Number along Each Foot-Walk Site for the Study
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5.2.3 Data Processing and Variables Estimation
In this study, we used street view images to obtain necessary visual environmental
attributes for the foot-walk sites or segments. As the approach of data collection, images were
collected from both google street view site and mobile camera to understand the accuracy and
resolution characteristics of different sources. We used Google API for obtaining the images along
the selected foot-walk segments. Besides, spatial data were collected from GIS shape file. Spatial
data related to roadway type and characteristics, transportation, and land use characteristics were
collected from Michigan GIS Open Data Portal. Once we collected the necessary data, a GISbased comprehensive database was developed to compile the dataset combining roadway
characteristics and site-walk visual environmental attributes.
In this study, we considered different roadway physical characteristics and visual
environmental characteristics, including streetscape and landscape variables for assessing the
relationship between human walking trajectories and associated variables. Table-5.1 showed a
detail descriptive analysis for the dependent and independent variables those were considered in
this study.
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Table 5.1 Descriptive Analysis of Foot-Walk Physical and Visual Environmental Variables
Description

Data Collection
Approach

Type

Dependent variable
Pedestrian Trip Number

Total Trip per segment

Survey

Discrete

Independent/Explanatory variable
Walk Score
Population

National Walk Index
Total Pop by tracts

USEPA
ACS

Continuous
Discrete

Foot-walk Availability

Yes = 1
No = 0

CNN

Binary

Foot-walk Types

Off-road = 1
On-road = 0

GIS

Binary

GIS

Binary

Yes = 1
No = 0

CNN

Binary

Bike

Yes = 1
No = 0

CNN

Binary

Pedestrian

Yes = 1
No = 0

CNN

Binary

Yes = 1
No = 0
Yes = 1
No = 0
Yes = 1
No = 0
Yes = 1
No = 0

GIS

Binary

GIS

Binary

GIS

Binary

GIS

Binary

% of cell classified in image
% of cell classified in image
% of cell classified in image
% of cell classified in image
% of cell classified in image
% of cell classified in image

CNN
CNN
CNN
CNN
CNN
CNN

Continuous
Continuous
Continuous
Continuous
Continuous
Continuous

% of cell classified in image
Percent of slope

CNN
GIS

Continuous
Continuous

% of cell classified in image

CNN

Continuous

Foot-walk Physical Environmental
Variables

Adjacent Road Types

Surrounding Vehicle-mix:
Car

Land-Use Characteristics
Residential Zone
Recreation/Open Space Zone
Commercial/Service Zone
Industrial Zone
Streetscape Characteristics
Surrounding Traffic sign/billboard
Surrounding Pole/Street Light
Traffic Light Visibility
Enclosure by Buildings
Enclosure by Sidewall/Fence
Sky View Visibility
Landscape Characteristics
Enclosure by Terrain
Terrain Pattern (flat/hilly/mountains
etc.)
Enclosure by Vegetation

Arterial (1/0)
Minor Arterial (1/0)
Collector (1/0)
Local (1/0)

77

In this study, image data were processed based on computer vision and AI (Artificial
Intelligence) machine learning technique. Semantic segmentation technique was applied for image
processing, which is described in Chapter 2 in this report.
5.2.4 Model Formulation and Statistical Analysis
A total of 22 streetscape variables were selected in the statistical analysis, including 13
physical environment variable and 9 visual environmental variables. The Walk Score and
population were also added to the model analysis in order to control the influence of urban
amenities and population on the pedestrian trip number (Li et al. 2018). In this study, we developed
three different models to assess the relationship between pedestrian trip number and different
variables. Model-1 showed the relationship between pedestrian trip number and physical
environmental variables, where Model-2 showed the relationship between pedestrian trip number
and visual environmental variables. Model-3 showed the relationship between pedestrian trip
numbers and combined physical and environmental variables to test the interaction between them.
At first, a correlation coefficient matrix was conducted to observe the multicollinearity between
the independent variables. In order to further investigate the impact of urban design features on
human walking activities, spatial regression model was applied to study the association between
the independent variables and the pedestrian trip number.
Since the presence of spatial autocorrelation violate the assumption of the linear regression
model, Moran’s I statistics were applied to check the autocorrelation (Talen & Anselin, 1998).
Spatial regression models were conducted to include the spatial dependence in this study to assess
the associations between the dependent variable and the independent variables (Anselin, 2005;
Anselin & Bera, 1998). In this study, we computed and compared two spatial regression models
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for incorporating the spatial autocorrelation effects, including spatial error regression model
(SARerr) and spatial lagged regression model (SARlag).
5.2.5 Visual Environmental Score (VES) estimation
We used Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)
method to determine the VES score by aggregating the values measured from five different visual
environmental attributes in respect to foot-walk environment. TOPSIS is a multi-criteria decisionmaking analysis method, which conducts a compensatory aggregation that compares a set of
alternatives by identifying and normalizing scores for each criterion and calculating the geometric
distance between each alternative and the ideal alternative (Roszkowska 2011; Chen et al. 2015).
Here, we considered a decision matrix with 550 foot-walk segments as alternatives and their
corresponding values from five different visual environmental attributes. At first, we normalized
the weight/score values to make it consistent in terms of multi-criteria comparison. Then, we
determined the PIS (Positive Ideal Solution) and NIS (Negative Ideal Solution) with respect to
each criterion and calculated the separation of each alternative from PIS and NIS. Finally, we
determined the VES score of each foot-walk segment based on the closeness coefficient value of
each alternative variable, described in (Roszkowska 2011).
5.3 Experiment and Numerical Results
In this study, we discussed our results and analysis based on two stages. At first, we
discussed the statistical output and analysis for the physical and visual environmental variables.
After that, we computed VES score by combining the statistically significant variables. We
analyzed the statistical relationship between different variables and foot-walk VES score.
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5.3.1 Model Output and Analysis
5.3.1.1 Correlation Analysis
We considered a total of 22 variables related to physical environment (13 variables) and visual
environmental (9 variables) characteristics for assessing the relationship between human walking
trajectories and associated variables. To test the independency between the above 22 variables, we
computed the Pearson’s correlation coefficient matrix (shown in Figure-5.3). Pearson’s correlation
coefficient is the test statistic that measures the statistical relationship or association, between
variables, range from +1 to -1 (where +1 indicates a perfect positive relationship, -1 indicates a
perfect negative relationship). In this study, we computed the correlation for three set of variables,
including physical environment variables, visual environmental variables, and combined physicalvisual environmental variables.
Figure 5.3-a shows the correlation between the variables of physical environment
characteristics, where a positive correlation is existed between arterial roadways and residential
land use (0.30), minor arterial and industrial land use (0.35), and foot walk type and commercial
land use (0.40). In addition, we observed a negative correlation between foot walk availability and
industrial land use (-0.31), commercial and residential land use (-0.46), commercial and industrial
land use (-0.41), and collector roadways and foot walk availability (-0.35). Therefore, the collinear
variables those identified from the correlation of physical environmental characteristics are foot
walk availability, minor arterial roadways, residential, and industrial land use types. Figure 5.3-b
shows the correlation between the variables of visual environment characteristics. A positive
correlation is existed between vegetation and terrain (0.61), vegetation and elevation (0.43), terrain
and elevation (0.42), and traffic sign and traffic light (0.31). In contrary, a negative correlation is
observed between vegetation and building (-0.52), vegetation and sky view (-0.43), and terrain and
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sky view (-0.32). In respect to visual environment characteristics, we identified the collinear
variables as vegetation, traffic light, and sky view.

a)

Physical Environmental Variable

b) Visual Environmental Variable

c) Combined Physical-Visual Environmental Variable
Figure 5.3 Pearson’s Correlation Coefficient Matrix for Observed Variables
The correlation between the variables of combined physical-visual environmental
characteristics are shown at Figure 5.3-c. We observed a positive correlation between industrial
land use and traffic light (0.31), arterial roadways and traffic light (0.30), and residential land use
and elevation (0.30). In contrast, a negative correlation is observed between minor arterial and
terrain (-0.39), minor arterial and elevation (-0.38), industrial land use and terrain (-0.33), and
biking and terrain (-0.46). Therefore, the collinear variables are identified as minor arterial
roadways, traffic light, terrain, and elevation pattern, in respect to combined characteristics.
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5.3.1.2 Regression Analysis
In order to further investigate the impact of physical and visual environmental variables on
human walking activities, we applied linear regression models to study the association between
the independent variables and the pedestrian trip number. In this study, we developed three
different models as Model-1 for the physical environmental variables, Model-2 for the visual
environmental variables, and Model-3 for the combined physical-visual environmental variables.
For all of the models, we compared the effect of variables with and without considering the
collinear variables. The Walk-score and population were also added as the variables for model
formulation to control the impact of urban amenities and population on the pedestrian trip number.
Table 5.2 shows the output of Model-1, where we observed the significant positive
association between pedestrian trip number and foot walk availability, arterial road types,
industrial land use, and bicycle as surrounding vehicle category in respect to all variables. In
respect to the model with excluding the collinear variables, we observed significant positive
correlation between human walking activities and arterial road types, and bicycle as surrounding
vehicles. However, we observed significant negative association between pedestrian trip number
and foot walk types (shared walkway) along with collector roadway types for both aspects of with
and without considering all of the variables. In comparison to mode accuracy, we observed higher
accuracy (less Akaike information criterion (AIC) value and higher log likelihood value) for the
model with considering all variables rather than excluding the collinear variables. However, we
received the multicollinearity condition number (MCN) as less than 20 for the model with
excluding the collinear variables, which meets the criteria of having no multicollinearity among
the variables.
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Table 5.2 Linear Regression Analysis for Model-1 With Physical Environmental Variables

With all variables

Physical Environmental variables

Model-1
Physical
Environmental
Variables
N = 550

coefficient

Walk-score
Population
Road type-Arterial
Road type-Minor Arterial
Road type-Collector
Foot-walk type
Foot-walk Availability
Land use-Commercial
Land use-Residential
Land use-Industrial
Surrounding vehicle-Bike
Surrounding vehicle-Car
Adjusted R-squared
F-statistic
AIC
Log likelihood
Multicollinearity Condition Number

p-value

3.88 0.35
0.01 0.12
6.46 0.04**
-4.69 0.86
-3.91 0.03**
-4.58 0.01**
3.54 0.02**
-3.43 0.51
4.02 0.48
2.71 0.04**
3.74 0.03**
-0.82 0.96
0.34
66.95
4712.14
-2388.99
26.5

Without all
variables
(multi-collinear
variable excluded)

4.69
0.01
4.93

pvalue
0.24
0.18
0.00**

-4.14
-2.44

0.05**
0.00**

-2.77

0.85

coefficient

2.75 0.04**
-4.47 0.78
0.25
64.09
4747.64
-2392.62
12.8

Table 5.3 shows the output of Model-2, where we observed the significant positive
association between human walking activities and building enclosure, streetlight, traffic
sigh/billboard, vegetation, and sky view in respect to consider all of the variables. In addition, we
observed significant positive impact of walking activities for the presence of sidewalk
terrain/buffer in respect to the model with excluding the collinear variables. In comparison to
model accuracy, we observed higher accuracy (less Akaike information criterion (AIC) value and
higher log likelihood value) in respect the model for considering all of the variables, likewise
Model-1.
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Table 5.3 Linear Regression Analysis for Model-2 With Visual Environmental Variables

With all variables
variables

Model-2
Visual
Environmental
Variables
N = 550

coefficient

Walk-score
Population
Building enclosure
Fence/sidewall enclosure
Street pole/light enclosure
Traffic light enclosure
Traffic sign/billboard enclosure
Vegetation enclosure
Terrain
Sky view
Elevation
Adjusted R-squared
F-statistic
AIC
Log likelihood
Multicollinearity Condition Number

pvalue
0.91
0.44
0.02**
0.44
0.04**
0.61
0.04**
0.05**
0.17
0.00**
0.84

0.54
0.00
0.63
-1.78
2.49
1.69
0.18
0.41
2.60
0.76
-0.12
0.44
60.67
3617.6
-2296.8
33.7

Without all variables
(multi-collinear variable
excluded)
coefficient

p-value

1.07
0.00
0.33
-1.98
2.45

0.63
0.82
0.03**
0.80
0.03**

0.21

0.03**

2.84

0.05**

-0.13 0.81
0.42
59.88
3612.4
-2297.2
16.1

Table 5.4 shows the output of Model-3, where we observed the significant positive
association between pedestrian trip and surrounding population, arterial roadways, industrial land
use, bicycle as surrounding vehicle category, traffic light, traffic sign, vegetation, terrain, and
elevation for both with and without considering all of the variables. However, unlike Model-1 and
Model-2, we observed higher accuracy (less Akaike information criterion (AIC) value and higher
log likelihood value) in respect the model with excluding collinear variables.
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Table 5.4 Linear Regression Analysis for Model-3 With Combined Physical-Visual
Variables

With all variables

variables

Model-3
Combined
Physical-Visual
Environmental
Variables
N = 550

coefficient

Walk-score
Population
Road type-Arterial
Road type-Minor Arterial
Road type-Collector
Foot-walk type
Foot-walk Availability
Land use-Commercial
Land use-Residential
Land use-Industrial
Surrounding vehicle-Bike
Surrounding vehicle-Car
Building enclosure
Fence/sidewall enclosure
Street pole/light enclosure
Traffic light enclosure
Traffic sign/billboard enclosure
Vegetation enclosure
Sky view
Terrain
Elevation
Adjusted R-squared
F-statistic
AIC
Log likelihood
Multicollinearity Condition Number

p-value

5.95 0.27
0.01 0.03**
4.02 0.00**
-5.16 0.59
-2.10 0.28
-6.11 0.13
3.98 0.05*
1.36 0.95
1.62 0.73
4.72 0.05*
4.29 0.00**
-7.57 0.33
1.04 0.52
-1.40 0.05*
1.54 0.46
2.90 0.03**
0.33 0.05*
1.09 0.04**
0.59 0.58
5.41 0.02**
-1.12 0.05**
0.51
61.78
3604.7
-2286.785
37.5

Without all
variables
(multi-collinear
variable excluded)

3.18
0.01
5.47

pvalue
0.52
0.08
0.00**

3.66
-3.20

0.87
0.02**

coefficient

0.83

0.95

3.49
-5.43
0.47
-0.75
1.88

0.02**
0.25
0.70
0.05*
0.35

0.97

0.04**

3.73 0.03**
-0.76 0.05**
0.39
71.96
3603.5
-2280.396
19.3

5.3.1.3 Spatial Autocorrelation Analysis
In this section, we further checked the spatial autocorrelation between the variables of the
above considered linear regression models. We considered Global Moran’s I to compute the
autocorrelation test, where it calculates the Moran's I Index value and both a Z- score and p-value
evaluating the significance of that index. For evaluating statistical significance, it follows a null
hypothesis assuming a random pattern. When the p-value is small and the absolute value of the Z-
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score is large enough that it falls outside of the desired confidence level, the null hypothesis can
be rejected, and the pattern could be either clustered or dispersed.

Moran's I Output

Zvalue

pvalue

Decision

Model1

6.32

0.00**

Autocorrelation
Exist

Model2

4.39

0.00**

Autocorrelation
Exist

Model3

5.22

0.00**

Autocorrelation
Exist

Figure 5.4 Spatial Autocorrelation Test for Observed Models
From Figure 5.4, it is noticeable that the Z-value is large enough (> 2.58) to reject the null
hypothesis for all of the models in respect to Moran I analysis. Therefore, a cluster pattern is
existed among the variables of the models. From the above analysis, it shows the evidence of
having spatial dependency among the variables in respect to all of the models. As a further model
enhancement, we applied spatial regression analysis to control the spatial autocorrelation among
the variables.
5.3.1.4 Spatial Lag and Spatial Error Model Analysis
In this study, we further considered spatial lag and spatial error models as the spatial
regression analysis between human physical activities and combined physical-visual
environmental attributes.
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Table 5.5 Spatial Regression Analysis for the Combined Physical-Visual Variables

variables
Trip Number/Lambda
Constant
Walk-score
Population
Road type-Arterial
Road type-Minor Arterial
Road type-Collector
Foot-walk type
Foot-walk Availability
Land use-Commercial
Land use-Residential
Land use-Industrial
Surrounding vehicle-Bike
Surrounding vehicle-Car
Building enclosure
Fence/sidewall enclosure
Street pole/light enclosure
Traffic light enclosure
Traffic sign/billboard enclosure
Vegetation enclosure
Terrain
Sky view
Elevation
N (sample)
R-squared
AIC
Log likelihood
Heteroskedasticity (Breusch-Pagan
test)

Spatial Lag Model (SARlag)

Spatial Error Model (SARerr)

coefficient
0.55
78.85
4.74
0.01
6.75
-6.00
-3.93
-4.66
3.01
-3.48
0.16
6.46
4.38
-5.05
1.02
-1.28
0.84
2.37
0.61
1.43
4.49
0.66
-0.91

coefficient
0.95
22.08
5.12
0.01
5.03
-4.15
-3.66
-3.17
3.27
-4.29
7.23
3.33
5.79
-3.33
1.37
-1.40
0.49
3.71
0.55
2.00
4.98
0.83
-0.76

p-value
0.03**
0.01**
0.18
0.00**
0.05*
0.45
0.09
0.04**
0.02**
0.84
0.99
0.02**
0.00**
0.27
0.03**
0.42
0.64
0.05*
0.05*
0.01**
0.08
0.01**
0.03**
550
0.54
3603.94
-2279.97

81.85 (p = 0.00)

p-value
0.00**
0.01**
0.10
0.00**
0.07
0.50
0.13
0.00**
0.04**
0.81
0.76
0.18
0.00**
0.09
0.05*
0.40
0.78
0.01**
0.05*
0.02**
0.00
0.02**
0.03**
550
0.57
3600.60
-2269.15

77.62 (p = 0.00)

For both spatial lag and error models (Table 5.5), we observed significant positive
relationship between pedestrian trip number and surrounding population, foot walk availability,
elevation, and bicycle as surrounding vehicle category in respect to physical environmental
attributes. For visual environmental attributes, we observed positive relationship for building
enclosure, traffic light enclosure, traffic sigh enclosure, and vegetation. In addition, different from
linear regression output, we observed positive correlation for sky view and pedestrian trip number.
Foot-walk type (shared walkway) shows significant negative impact on human physical activities
in respect to both spatial lag and error models. In respect to model accuracy, we observed higher
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R-squared value for spatial error model. In addition, spatial error model outperformed spatial lag
model in respect to AIC and log likelihood accuracy.
5.3.2 Visual Environmental Score (VES) Output and Analysis
As the second part of the analysis, we computed visual environmental score (VES) based
on the significant visual environment variables obtained from the spatial lag and error model
analysis. The objective of developing the VES index is to assess the combined effect of visual
environmental attributes on pedestrian walking experiences. TOPSIS method with applying
entropy-based weight was used to aggregate the visual environmental attributes to compute Visual
Environmental Score (VES).
5.3.2.1 Variables for Considering VES index
We considered the surrounding building enclosure, streetlight visibility, presence of traffic
sign/billboard, greenery/vegetation enclosure, and sky view factor as the variables for developing
VES index. Figure 5.5 shows the spatial distribution of the variables along the segments of the
case study area. We observed a high density of building enclosure around the downtown area of
Kalamazoo city, in addition to the surrounding areas of Western Michigan University campus
(Figure 5.5-a). Streetlight/pole is almost evenly distributed among the case study area (Figure 5.5b). However, it shows (Figure 5.5-c) a higher concentration of traffic sigh/billboard around the
downtown area of the study area.
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a) Building Enclosure

b) Surrounding Street light/Pole

c) Surrounding Traffic Sign/Billboard

d) Greenery/Vegetation Enclosure

e) Sky View Factor
Figure 5.5 Visual Environmental Variables Related to VES Index
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From Figure 5.5-d, it shows a higher greenery density along the roads of the WMU campus
in addition to the south-western part of the city. Sky view factor was mostly high for the western
part of the city (Figure 5.5-e), where it has plenty of open spaces. In contrast, the downtown area
shows poor sky view visibility due to the abundance of high-rise buildings.
5.3.2.2 VES Score Output
In this study, we computed the VES index and analyzed the combined effect of visual
environmental variables to different aspects related to walkability characteristics. Considering the
fact that walking trips are highly correlated to sidewalk streetscape characteristics, we further
investigated the relationship between walking trip purposes and associated VES index along the
sidewalks. Table 5.6 showed the correlation coefficient between different purposes of the walking
trips and associated VES index for the study area.
Table 5.6 Relationship Between VES Index and Walking Trip Purposes
Correlation between VES index and Trip
Purposes
Trip Purpose
Work/Job purposes
Educational activity
Shopping activity
Access to public transportation (e.g., transit/bus
station)
Utility purposes (e.g., gas station/retail store, etc.)
Food purposes (e.g. restaurant/coffeeshop)
Financial service
Healthcare service
Recreation/leisure activity

Pearson's correlation
-0.45
-0.38
0.58

Significance (P value)
0.60
0.01**
0.18

0.51

0.00**

0.67
0.62
-0.11
-0.27
0.78

0.05*
0.05*
0.41
0.87
0.00**

In this study, we obtained different walking trip purposes based on the survey data, such
as commute to work, educational activity, shopping activity, access to transit/bus station, utility
and food purposes, commute to financial and healthcare service, and recreational activities. It is
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noticeable from Table 5.6 that the VES index showed strong and significant positive correlation
to recreational trips along with trips for accessing to public transportation, utility services, and
food purposes. However, we observed significant negative correlation between VES index and the
trips associated with educational activity, work, financial, and healthcare activities.
Table 5.7 Relationship Between VES Index, Walking Trip Number, Trip Duration, and
Walk-Score Based on Different Land Use Types
Correlation between VES Score and different land use
types
Land Use Types

Trip Number

Trip Duration

Walk-score

Commercial/Educational

0.58

-0.4

0.33

Residential

0.71

0.73

0.40

Recreational

0.84

0.75

0.54

Industrial

-0.45

0.10

-0.57

Table 5.7 showed the relationship between VES index and pedestrian trip characteristics
for different land use types. We also compared the correlation between VES index and walk-score
along with trip number, and trip duration. Trip number and trip duration was collected from the
survey, while walk-score was collected from secondary source. We observed a couple of
interesting findings from Table 5.7. It showed a positive and strong correlation between VES index
and trip number, along with trip duration for the residential and recreational land use types. In
addition, we observed positive correlation between VES and walk-score for educational,
residential, and recreational land use types. However, walk-score showed a negative correlation to
VES index for the areas with industrial land use. Likewise, the trip numbers also showed negative
correlation to VES index for the industrial zone. In contrary, the trip duration showed negative
relationship to VES index for educational/commercial land use types.
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5.4 Discussion and Concluding Remarks
This study contributes a new methodology to automatically collect the streetscape variables
from the GSV images and investigate the associations between the urban built environment and
human walking activities at the street level. The human trajectory data along with the street-level
GSV images help in better understanding the connection between human activities and the
physical-visual environment. In the era of big data and machine learning revolution, it is highly
possible to use the recent image processing techniques to extract the walkability variables from
the street-level GSV images and develop the walk-score for a large area. With the public walking
GPS trajectory data and the abundant GSV images, urban designer and planners could be
benefitted by replicating the proposed workflow to other cities to understand the connections
between human activities and surrounding physical-visual walkability attributes.
Although this study investigated a comprehensive relationship between human walking
activities and surrounding physical-visual environmental variables, the current study still has some
limitations. First, there could be other streetscape features those has influence on human walking
activities. In this study, we only considered the variables those were able to extract from the
proposed image processing technique. Future studies should consider more variables in the
analysis of the connection between the streetscape characteristics and human walking activities.
In case, where we need to extract more objects from the images, we recommend using a different
set of training dataset with more annotated objects. Besides, Google street view images are not
updated till the date at Google site, which cause error in data consistency. The relationship status
could vary along the segments due to this error. In addition, human walking trajectories those we
obtained from our survey subjects still cannot fully represent the entire study area. However, this
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study could be a resource to initiate the process of collecting large scale human walking trajectory
data to fully understand the walking behavior of the entire city.
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CHAPTER VI
EVALUATING THE SIDEWALK WALKING EXPERIENCE FOR DIFFERENT WALKING
ENVIRONMENTS
6.1 Introduction
Different type of methods was implemented to assess the relationship between walking
activities and different attributes related to walking environment. For example, Kelly et al. (2011)
designed three different types of surveys with subjective judgment to assess the walkability by
obtaining pedestrian’s perception about roadway and sidewalk characteristics, safety, comfort, and
convenience. Whereas, Frank et al. (2009) developed walk score by objectively measuring
different built-environmental variables. In addition, different audit-based tools were developed to
measure the activity friendliness of walking environment related to roadway and environmental
characteristics, such as Activity Friendly Index (AFI) (Creatore et al. 2007), Irvine-Minnesota
Inventory (IMI) measures (Day et al. 2006), Pedestrian Environmental Data Scan (PEDS) (Clifton
et al. 2007), and Systematic Pedestrian and Cycling Environmental Scan (SPACES) (Pikora et al.
2002). In addition to those approaches, mixed approaches were used to measure pedestrian walking
activities by combining different tools, such as GIS and image audit (Li et al. 2018); Interview,
physical and virtual audit (Su et al. 2019); and Survey and physical audit (McCormack et al. 2012),
etc.
Although the studies used different approaches, there is still a gap to evaluate the
comprehensive pedestrian walking experiences from a variety of roadway scenarios. In addition,
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there were very limited number of studies where walking experience were observed with a
combination of pedestrian interaction and non-motorized vehicles.
In this study, we examined the pedestrian walking experience along the shared segments
mixed with bicyclists and e-scooter users. Different hypothetical scenarios were designed in
combination with different environmental attributes, such as sidewalk width, sidewalk buffer,
pedestrian density, bicycle/e-scooter density, greenery, roadway traffic, and buildings. A survey
was designed to collect pedestrian evaluation on the walking environment in terms of comfort,
safety, street view, vitality, and overall walk environment through hypothetical scenarios. The
following section of the paper is advanced with methodology, experiment and numerical results,
discussion, and concluding remarks.
6.2 Methodology
6.2.1 Study Area and Subject Selection
In this research, we considered two different areas for the survey data collection, which is
Texas and Michigan state in USA. The reason behind selecting those two locations was to explore
the relationship and difference in walkability and walking experience for different seasonal and
geographical characteristics. Texas is located at South central region of the United States, where
Michigan is located at the Midwestern region of the United States. There were a very few reported
walkability studies conducted at statewide for Michigan or Texas so far, and therefore we were
interested to observe the walking behavior and experience of the people living in these locations.
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(b) Texas, USA

(a) Michigan, USA

Figure 6.1 Study Area Locations for the Survey
In this study, the research team initiated an online survey to collect the walking experience
data from a total of 130 participants for Michigan and Texas state. We received data from 95
participants for Michigan, and 35 participants for Texas. The duration for data collection was 4
months from 01-March to 01-June of 2020. We selected our subjects from a mix of diversified
professions, such as engineers, planners, policy makers, academic personnel, students, selfemployed person, etc. Since our purpose was to evaluate the walking experience from all age
category and gender, we did not have any specific inclusionary or exclusionary criteria for
choosing the subjects. The potential subjects were recruited through email invitation.
6.2.2 Survey Design and Data Collection
In this study, we collected data from a questionnaire survey by observing the walking
experience from a total of 22 different hypothetical scenarios along the sidewalk. The hypothetical
scenarios were portrayed with different walking environment attributes, such as sidewalk width,
sidewalk buffer, pedestrian density, bicycle/e-scooter density, greenery, roadway traffic, and
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buildings. The primary data was the rating of walking experience from the survey participants.
The survey was designed to observe participant’s experience of walking along segments mixed
with pedestrians, bicyclists and e-scooter users.
6.2.2.1. Survey Variables Estimation
We collected the rating from survey participants in terms of different aspects of walking
environments. Table 6.1 shows the detail description of the survey response variables including
the demographic and socio-economic variables of the participants. In terms of response variables,
we considered the sidewalk level of comfort, level of safety, street visual environment, street
vitality, and overall walk score. In this study, level of comfort is defined based on surrounding
sidewalk path characteristics including the adjacent road characteristics, intersection
characteristics, and pedestrian support facilities, such as ADA (American Disability Act)
complaints, slope, sidewalk pavement condition, etc. Level of safety is defined based on
surrounding roadway traffic characteristics (i.e., vehicle speed, volume, etc.), in addition to
neighborhood lighting condition, presence of graffiti in the segment, percent of the abandoned
building, etc. Visual environment is defined by the surrounding landscape and streetscape
characteristics, such as vegetation, sidewall, traffic sign/billboard, buildings, historical
architectures, outdoor benches, outdoor facilities (i.e., bins, water fountain, bike parking), etc.
Street vitality is defined based on the street conviviality, land-use mix condition, and surrounding
activity density characteristics, such as available meeting places, accessibility or proximity to
different facilities, etc.
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Table 6.1 List of Survey Data Variables
Variable
Categories

Response
Variables

Demograph
ics and
Socioeconomic
Variables

Variables

Data Type

Level of Comfort

Response/Rating
(1 to 10 in scale)

Level of Safety

Response/Rating
(1 to 10 in scale)

Visual
Environment/Aestheti
cs

Response/Rating
(1 to 10 in scale)

Street Vitality

Response/Rating
(1 to 10 in scale)

Overall Walk Score

Response/Rating
(1 to 10 in scale)

Gender
Male
Female
Age Categories
Under 18
18-24 Years
25-34 Years
35-44 Years
45-54 Years
Over 55 Years
Occupation Status
Engineer
City/Town Planner
Policy Maker
Academia
Other Types

Data Description/Definition
Sidewalk comfort is defined based on surrounding sidewalk
characteristics, adjacent road characteristics, intersection
characteristics, and pedestrian support facilities. It considers
sidewalk availability, connectivity, width, path
network/pattern, route directness, surface cover, slope, etc., in
addition to alternate walk facility, on-street parking, shoulder
lane & width, facility for adults, etc.
Safety is defined based on surrounding traffic characteristics,
such as pedestrian crossing street sign, clear sightlines, vehicle
speed, volume, cars disrespecting pedestrians or social
discomfort, etc. In addition, pedestrian safety is also defined
by neighborhood lighting condition, presence of CCTV, deadend/cul-de-sac road, enforcement of pedestrian regulations
(law enforcement), presence of graffiti in the segment, percent
of the abandoned building, etc.
Visual environment is defined by the surrounding streetscape
characteristics in addition to aesthetics, conspicuousness, and
enclosure entities. Streetscape characteristics are considered
as vegetation, sidewall, traffic sign/billboard, buildings,
historical architectures, monument, plaza, in addition to
availability of benches/outdoor dining, outdoor facilities (e.g.,
bins, water fountain, bike parking, etc.), tree shade, rain cover,
weather/climate condition, infrastructure comfort (traffic
calming), etc.
Street vitality is defined based on the land-use mix condition,
in addition to street conviviality, and surrounding activity
density. Available meeting places, existence or visibility of
anchor places and landmarks, etc., are also considered as part
of street vitality characteristics. In addition, accessibility or
proximity to different facilities, such as recreational places,
utilities, food, restaurant, transit, daily needs, university,
hospital, and commercial places are also considered as part of
street vitality.
Overall walk score is defined by a combination of all the
above walkability indices, such as sidewalk comfort and
convenience, safety and security, surrounding visual
environment, street quality attributes, and surrounding street
vitality entities.

Nominal
Nominal

Recorded survey response from the participants

Nominal
Nominal
Nominal
Nominal
Nominal
Nominal

Recorded survey response from the participants

Nominal
Nominal
Nominal
Nominal
Nominal

Recorded survey response from the participants
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We defined the overall walk score by considering the combination of above walkability
indices, such as sidewalk comfort and convenience, safety and security, surrounding visual
environment, street quality attributes, and surrounding street vitality entities. In respect to
demographic and socio-economic variables, we collected the gender, age, and occupation status
from the survey participants.
In this study, we collected the rating score as the response from the survey participants.
Figure 6.2 shows the rating scale for the survey. The response was collected for a 1 to 10 scale
starting from very uncomfortable to very comfortable for walking in respect to level of comfort;
very unsafe to very safe in respect to level of safety; very bad view to very good view in respect to
visual environment; very inactive to very active in respect to street vitality; very low to very high
in respect to overall walk score.

Figure 6.2 Survey Rating Scale for the Walking Experience Survey
6.2.2.2 Hypothetical Scenarios Design
A total of 22 hypothetical scenarios combined with different walking environment
attributes were designed to collect the responses from the participants. In this study, we considered
a shared walkway mixed with pedestrians, bicyclists and e-scooter users to construct the
hypothetical scenarios.
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Table 6.2 Walkability Attributes for Constructing the Hypothetical Scenarios
Walkability
Attributes

Attribute Categories

Sidewalk width

0 for narrow width
1 for wide width

Considered the minimum width as 6 feet for two-way, two-lane,
mixed-use paths (FHWA, 2013). Narrow width is considered as
less than 6 feet, and wide width is considered as more than 6
feet.

Sidewalk Buffer

0 for without Buffer
1 for with Buffer

Buffer includes any types of barrier from sidewalk to main street
(e.g. tree, green trail, grass, etc.)

Surrounding
Roadway Vehicle
Density

0 for low density
1 for high density

Low density defined as free flow condition with light traffic,
where high density defined as equal to jam/highest density.

Pedestrian Density

0 for low density
1 for high density

Bicycle/E-scooter
Density

0 for low density
1 for high density

Tree/Greenery
Density

0 for low density
1 for high density

Surrounding
Building Density

0 for low density
1 for high density

Case Areas

0 for Michigan
1 for Texas

Description

Considered the minimum standard area for pedestrian LOS A
with 60 sq. ft/person for two-way, two-lane, mixed-use paths
based on Highway Capacity Manual (HCM), 2000 (Rouphail et
al., 1998). Low density termed as spacing more than 60 sq. ft
/person. High density is defined by spacing less than 60 sq. ft
/person on sidewalks.
Considered the minimum standard area for bicycle LOS A with
100-120 sq. ft/bike for two-way, two-lane, mixed-use paths
based on Highway Capacity Manual (HCM), 2000 (Rouphail et
al., 2000). Low density is termed as spacing for more than 100120 sq. ft /bike in shared walkway. High density is defined as
spacing less than 100-120 sq. ft /bike in shared walkway. In this
study, we also considered the same spacing criteria for escooters for a mixed-use sidewalk perspective.
Considered a minimum standard of tree spacing of 40-50 ft apart
(Landscape Plants, 2015). Low density is defined by the spacing
of surrounding tree which is more than 50-60 ft apart, whereas
high density is considered as spacing less than 20-30 ft apart.
Considered the scenario for a mixed-used zoning area. Low
density area is defined by the placing of adjacent building with
a distance of more than 500 ft. However, for high density, we
considered the adjacent building space with as close as less than
100 ft (MCPD, 2009).
Survey data was collected from two different states, Michigan
and Texas

The walkability attributed those were considered to construct the scenarios were sidewalk width,
sidewalk buffer, pedestrian density, bicycle/e-scooter density, greenery, roadway traffic, and
buildings. Table 6.2 shows the detail description of walkability attributes and their associated
categories, which were used in this study.
The hypothetical scenarios are designed based on the structure shown in Table 6.3, where
a matrix is developed with scenario number and associated attribute characteristics. A total of 22
scenarios were developed from two types of sidewalk width categories, (i) less than 6 feet, and (ii)
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more than 6 feet. We hypothesized two extreme characteristics: low and high density, for each of
the attribute. The alternate scenarios were designed with the assumption of deviation from a set of
base conditions for the walkability attributes, such as standard sidewalk width (6 ft), surrounding
vehicle density with level-of-service A, standard pedestrian density (60 sq. feet/person) of a mixed
use two-way lane, standard non-motorized vehicle density (100-120 sq. feet/vehicle), standard of
tree spacing of 40-50 ft. apart along sidewalk, no existing sidewalk buffer, and a mixed-used
zoning area with building spacing between 100-500 ft apart. The alternate scenarios were
constructed with a change from the base scenario by controlling the attribute variables of low to
high density. Alternate scenario number 1-11 were designed for the sidewalk category width of
less than 6 ft., whereas the alternate scenario number 12-22 were designed for the sidewalk
category width of more than 6 ft.
Table 6.3 Hypothetical Scenario Design for the Survey

Scenario-1
Scenario-2
Scenario-3
Scenario-4
Scenario-5
Scenario-6
Scenario-7
Scenario-8
Scenario-9
Scenario-10
Scenario-11
Scenario-12
Scenario-13
Scenario-14
Scenario-15
Scenario-16
Scenario-17
Scenario-18
Scenario-19
Scenario-20
Scenario-21
Scenario-22

Sidewalk
Width

Sidewalk
Buffer

Tree/Greenery
Density

narrow
narrow
narrow
narrow
narrow
narrow
narrow
narrow
narrow
narrow
narrow
wide
wide
wide
wide
wide
wide
wide
wide
wide
wide
wide

yes
no
no
no
no
no
no
no
no
no
no
yes
no
no
no
no
no
no
no
no
no
no

low
high
low
low
low
low
low
high
high
high
high
low
high
low
low
low
low
low
high
high
high
high

Surrounding
Building
Density
low
low
high
low
low
low
high
low
high
high
high
low
low
high
low
low
low
high
low
high
high
high
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Bicycle/Escooter Density

Pedestrian
Density

low
low
low
high
low
low
high
high
low
high
high
low
low
low
high
low
low
high
high
low
high
high

low
low
low
low
high
low
high
high
high
low
high
low
low
low
low
high
low
high
high
high
low
high

Surrounding
Roadway Vehicle
Density
low
low
low
low
low
high
high
high
high
high
low
low
low
low
low
low
high
high
high
high
high
low

An example of hypothetical scenario is shown in Figure 6.3, where a visual comparison of
base and alternate scenarios is exhibited consecutively. Scenario-1 and 6 are related to alternate
scenario based on the criteria of sidewalk width less than 6 ft; whereas scenario-12 and 17 are
related to alternate scenario based on the criteria of sidewalk width more than 6 ft.
Alternate scenarios based on criteria: sidewalk width < 6 ft

Scenario-1: Narrow Sidewalk with buffer

Scenario-6: Narrow Sidewalk without buffer and
high vehicle density

Alternate scenarios based on criteria: sidewalk width > 6 ft

Scenario-12: Wide Sidewalk with buffer

Scenario-17: Wide Sidewalk without buffer and
high vehicle density

Figure 6.3 Example of Hypothetical Scenarios for the Survey
6.2.3 Model Formulation and Statistical Analysis
In this research, we developed both Ordered Probit (OP) and Ordered Logit (OL) model to
access the relationship between walkability attributes and perceived walk score. The Ordered
Probit (OP) model has been widely used for fitting the data structure of an ordinal response. Based
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on the overall walk score rating data those were defined as ordinal responses in this research, an
OP model was established to relate walk score to various explanatory variables. The total number
of rating level that we received was less than 7 (out of 10), therefore it was suitable to use those
rating level as the dependent ordinal values for the model development. The research team defined
the explanatory variables associated with specific walking environment scenarios. Variables used
in this study include sidewalk width, sidewalk buffer, pedestrian density, bicycle/e-scooter density,
greenery, roadway traffic, and buildings. In addition, it is well known that Ordered Logit (OL)
model also considered as a good fit for ordinal response dataset. It differs from Ordered Probit
(OP) model based on function derivation, where OL model uses the technique called the
cumulative distribution function of the logistic distribution, and OP model uses the technique
called the cumulative distribution function of the standard normal distribution. We developed the
above two models to compare and verify the result in this study. Statistical significance and
relationship were assessed between different types of walking environment by formulating those
models. Finally, we analyzed the common significant walkability factors those affect the
walkability score for Michigan and Texas city perspectives.
6.2.3.1 Data Preparation
In respect to data preparation, this study used a mix-method approach that utilizes
quantitative techniques to analyze qualitative, ranked and coded data related to pedestrian walking
experience. Here, we considered each response of a particular scenario as a case, and analyzed that
case based on the considered walkability variables associated with the scenario.
The walkability variables considered for each individual case scenario were in the form of
qualitative data types, which was somewhat problematic and difficult in finding associations to
overall walk score response. There are some available software tools for qualitative data analysis,
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such as NVivo, QDA Miner, and ANTRHOPAC, which are basically text-mining tools and used
for qualitative model analysis (Silver and Lewins, 2014; Guest and McLellan, 2003). However,
those tools were experienced with some limitations in terms of the number of allowed items,
available measures and techniques, available data array used to form the clusters, and falling short
before merging (Macia, 2015).
To overcome this limitation, in this study, we transformed qualitative data into binary data
types, where values were coded either 1 or 0 representing the presence or absence of a given
walkability attribute. For this study, we generated a column for each attribute type, and assign 1
against the case (row) if that attribute was present/true in that scenario, and 0 if it was not. A total
of 6 columns were considered for 6 categorical variables of walkability attributes, those were
considered for the model development. For example, if we received rating from a scenario
constructed with high pedestrian density and no sidewalk buffer, we coded 1 against the attribute
column type: High Pedestrian density, and coded 0 for sidewalk buffer and other attribute
categories which were absent in the scenario for that case. Here, we coded a total of [130*22]
cases (rows), where 130 is the total participants, and 22 is the total number of scenarios.
6.2.3.2 Ordered Probit (OP) Approach
The basic characteristic of OP model is briefly described in this section, where it generates
the output based on ordinal response. Let assume that Y represents the response rating level, and
Y* is considered as latent variable which is introduced to measure the final outcome Y (Yang et
al., 2011).
(1)

𝑌 ∗ = 𝑋𝛽 + 𝜀
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Here in equation (1), X is the vector containing the full set values of explanatory variables, β is the
vector of coefficients associated with the explanatory variables, and ε is a random error term
following standard normal distribution. The value of the dependent variable is determined by
following equation (2).

𝑌=

1 𝑖𝑓
𝑗 𝑖𝑓 𝜏
𝐽 𝑖𝑓

𝑌∗ < 
< 𝑌∗ < 
𝜏
< 𝑌∗

(2)

Where,
J = number of response rating level
𝑌 ∗ = latent variable
 = cut-off parameter
For the OP model, the probability values are determined by the Maximum Likelihood
Estimate method, shown in equation 3 to 5, where P (Y=j) is the probability of response variable
taking a specific response rating level j (Yang et al., 2011).
(3)

𝑃 (𝑌 = 1) =  ( − 𝑿𝜷)
𝑃 (𝑌 = 𝑗) =   − 𝑿𝜷 −  
𝑃 (𝑌 = 𝐽) = 1 −  (

(4)

− 𝑿𝜷

(5)

− 𝑿𝜷)

In this study, marginal effects are calculated for the binary variables followed by equation
(6). It shows the calculation of marginal effects of a walkability variable i, in respect to specific
response rating level j, by comparing the outcome of 1 or 0, while all other variables remains
constant (Yang et al., 2011).
𝛥 (𝑌 = 𝑗 | 𝑥 ) = 𝑃𝑟 (𝑌 = 𝑗 |𝑥 = 1) − 𝑃𝑟 (𝑌 = 𝑗 |𝑥 = 0)
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(6)

6.2.3.3 Ordered Logit (OL) Approach
The ordered response from OL model are derived in the same way as ordered probit model,
where it is assumed that the error term ε is logistically distributed. Equation (7) shows the
computation of underlying variable (Y*) of OL approach, which is a latent variable to get the output
from dependent variable Y. Here, X is the explanatory variable, β is the vector of coefficients
associated with the explanatory variables, and ε is a random error term following standard logistic
distribution.
(7)

𝑌 ∗ = 𝑋𝛽 + 𝜀

The specific probabilities of each ordinal response for OL model are also calculated by following
equation (8), where Λ denotes the density function for maximum likelihood parameter estimation
(θ) (Ronning 2018).
Λ (µ − β𝑋 ),
Λ (µ − β𝑋 ) − Λ (µ − β𝑋 ),
𝑃=
(µ − β𝑋 ) − Λ (µ − β𝑋 ),
Λ
⎨
⎩ 1 − Λ (µ
− β𝑋 ),
⎧

if y =
if y =
if y =
if y =

1|𝑋 , θ
2|𝑋 , θ
3|𝑋 , θ
N|𝑋 , θ

(8)

6.3 Experiment and Numerical Results
6.3.1 Survey Output and Analysis
Table 6.4 shows the summary of the survey responses from a total of 130 participants from
Michigan (n=95) and Texas (n=35). The majority of the survey respondents are male for both
Michigan and Texas. Most of the participant’s age were between 25 to 34 years, including with a
good percentage (25%) of people with age over 55 years old for Michigan. In respect to occupation
status, we received responses from a variety of employment groups such as, engineers, planners,
academic personnel, and other types (i.e., self-employed, city administration, township
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government, etc.). For Michigan, we received most of the responses from the engineers; whereas
academic personnel were the major share for Texas.
Table 6.4 Summary of Survey Participants and the Recorded Responses
Michigan

Texas

Mean Rating Score
(std.)

Mean Rating Score
(std.)

6.8 (0.84)
6.5 (0.77)
6.1 (0.66)
6.2 (0.48)
6.9 (0.62)
Mean
Frequency
Overall walk
(%)
score rating

7.1 (0.93)
6.9 (0.80)
6.5 (1.20)
7.2 (0.73)
7.2 (0.94)
Mean
Frequency
Overall walk
(%)
score rating

62 (65.3%)
33 (34.7%)

7.0 (0.59))
6.8 (0.88)

24 (68.6%)
11 (31.4%)

7.5 (1.19)
7.2 (1.35)

86 (66.2%)
44 (33.8%)

4 (4.2%)
38 (40.0%)
14 (14.7%)
14 (14.7%)
25 (26.3%)

5.9 (1.13)
6.8 (0.28)
6.1 (1.09)
6.0 (1.11)
6.2 (0.56)

5 (14.3%)
25 (71.4%)
2 (5.7%)
3 (5.6%)
0 (0.0%)

6.9 (1.38)
7.4 (1.21)
7.1 (2.1)
6.9 (1.92)
0.00

9 (6.9%)
63 (48.5%)
16 (12.3%)
17 (13.1%)
25 (19.2%)

Engineer
City/Town Planner
Academia

42 (44.2%)
13 (13.7%)
23 (24.2%)

7.2 (0.48)
6.8 (1.21)
6.2 (0.85)

9 (25.7%)
3 (8.6%)
22 (62.9%)

6.9 (1.35)
7.2 (1.71)
7.5 (1.25)

51 (39.2%)
16 (12.3%)
45 (34.6%)

Other Types

17 (17.9%)

6.5 (0.88)

1 (2.9%)

6.9 (0.00)

18 (13.8%)

Response Variables
Level of Comfort
Level of Safety
Visual Environment/Aesthetics
Street Vitality
Overall Walk Score
Socio-economic Variables
Gender
Male
Female
Age
18 - 24
25 - 34
35 - 44
45 - 54
55 and above
Occupation Status

Total
Mean
Rating
Score
(std.)
7.0 (0.87)
6.7 (0.95)
6.3 (0.72)
6.7 (0.45)
7.1 (0.70)
Frequency
(%)

In respect to response variables, we received a higher rating score from the participants
living in Texas in comparison to Michigan. The potential reason behind that is the variation in
responses recorded from different socio-economic groups. For example, we received higher rating
from the engineer group for the Michigan, whereas very high rating is observed from academia
group people for Texas. In addition, the mean overall walk score is comparatively higher for the
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age group between 25 to 34 years old. It could infer from the output that the young people tend to
have more positive walking experiences in comparison to other age groups. In respect to the other
walkability aspects, walking experiences are highly rated in respect to level of comfort attributes
along the sidewalks for both Michigan and Texas.
In respect to further investigating the effects of socio-economic variables to the overall
responses, we computed the correlation coefficient between Socioeconomic variables and overall
walk score responses. It is shown from Table-5 that the higher ratings are obtained from the male
participants in comparison to female for both states, in respect to overall walk score. For age
categories, we received higher ratings from the people between 25 to 34 years old for Michigan,
while the people aged between 25 to 34 and 45 to 54 provided higher ratings for Texas. In respect
to occupation status, the higher walk score ratings are observed for the engineer group at Michigan.
In contrary, academia people tend to show higher ratings or walking experience along the segments
for Texas.
Table 6.5 Impact of Socioeconomic Variables to Overall Walk Score Response

Socio-economic variables

Gender

Age

Occupation

Correlation coefficient between Socioeconomic variables and
overall walk score response
Michigan

Texas

Male

0.58

0.60

Female
18 - 24
25 - 34
35 - 44
45 - 54
55 and above
Engineer
City/Town Planner
Academia
Other Types

0.45
0.20
0.77
0.57
0.64
0.68

0.48
0.24
0.72
0.41
0.70
0.00
0.79
0.42
0.84
0.50

0.74
0.30
0.44
0.15
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In this study, we explained the survey responses for different scenarios based on two
criteria, one is for narrow sidewalk (less than 6 ft width), and another is for wide sidewalk (more

Level of Comfort

Level of Safety

Street Vitality

Overall Walk Score

Scenerio 11: Low
Vehicle Density

Scenerio 10: Low
Pedestrian…

Scenerio 9: Low
E-scooter/Bike…

Scenerio 8: Low
Building Density

Scenerio 7: Low
Greenary Density

Scenerio 6: High
Vehicle Density

Scenerio 5: High
Pedestrian…

Scenerio 3: High
Building Density

Scenerio 2: High
Greenary Density

Narrow
Sidewalk
(< 6 ft.)

Scenerio 1: With
Buffer

10
8
6
4
2
0

Scenerio 4: High
Bike/E-scooter…

than 6 ft width).

Visual Environment

10
8
6
4

Level of Comfort

Level of Safety

Street Vitality

Overall Walk Score

Scenerio 22: Low
Vehicle Density

Scenerio 21: Low
Pedestrian Density

Scenerio 20: Low
E-scooter/Bike…

Scenerio 19: Low
Building Density

Scenerio 18: Low
Greenary Density

Scenerio 17: High
Vehicle Density

Scenerio 16: High
Pedestrian Density

Scenerio 14: High
Building Density

Scenerio 13: High
Greenary Density

Scenerio 12: With
Buffer

0
Wide
Sidewalk
(> 6 ft.)

Scenerio 15: High
Bike/E-scooter…

2

Visual Environment

Figure 6.4 Comparison of Survey Rating for Different Scenarios Based on Narrow and
Wide Sidewalk Scenarios
Figure 6.4 shows a comparison of survey rating in respect to various scenarios for narrow
and wide sidewalk. Here, we combined the rating from both Michigan and Texas, and showed the
average values in Figure 6.4. In respect to level of comfort for narrow sidewalk scenarios, we
received higher rating for the scenarios constructed with low vehicle density, low pedestrian and
109

bike/e-scooter density, low building density along with high greenery density for both the study
areas. The scenarios with sidewalk buffer, low bike/e-scooter density, and low vehicle density was
rated highly for walking activities in respect to level of safety for both areas. In respect to visual
environment, the participants highly rated the scenarios which were constructed with more
greenery, and low building density along the sidewalks. In respect to street vitality, we received
high rating for a number of scenarios, which were constructed with high building density, high
greenery, high bike/e-scooter density, and high surrounding vehicle density. For the overall walk
score, the participants highly rated the scenarios which were designed with sidewalk buffer, high
pedestrian density, low building density, and low vehicle density.
In respect to the scenarios constructed with wide sidewalk, we received higher rating for
the scenarios created with buffer, and high greenery density. Particularly, the scenarios with high
building density and high vehicle density, in addition to buffer and high greenery characteristic,
receives high rating in respect to street vitality and overall walk score, respectively. In overall, we
received higher ratings for the scenarios constructed with wide sidewalk in comparison to narrow
sidewalk.
6.3.2 Model Analysis and Comparison
In this study, we compared the responses of the participants for Michigan and Texas, and estimated
the combined effects of different walking variables based on those responses. We computed the
combined effect of the walkability attributes by considering the Texas as a dummy variable to see
the difference from the state of Michigan. Here, we combined the responses recorded for each
walkability attributes based on different scenarios for each area and coded 1 for Texas (if the
response is from Texas participants), while 0 for Michigan (if not from Texas). After that, we
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estimated the overall effects of the variables for two areas together while considering the difference
between states. In Table 6.6, estimated combined effects of the walkability variables are shown in
respect to different aspects, such as level of comfort, level of safety, visual environment, and street
vitality. The output of the analysis is displayed through the model coefficient value to assess the
combined effects on variables, in addition to P-value for looking at the significance of the
combined responses associated with the variables. For example, we got 1.44 as the coefficient
value based on the presence of buffer for level of comfort, which explains that the participant’s
shows a positive experience having buffer zone at sidewalk with an impact of 1.44 unit more than
the responses of having no buffer at sidewalk. In addition, the computed p-value (0.00**) implies
that the combined responses recorded for Michigan and Texas is significant in respect to the
presence of buffer zone. In contrary, we got -1.03 as the coefficient value based on the high vehicle
density attribute for level of comfort, which explains that the participant’s shows a negative
experience (less impact) having high vehicle density while walking along the sidewalks.
Table 6.6 Estimated Combined Effects for the Walkability Variables
Level of Comfort

Level of Safety

Visual Environment

Street Vitality

Walkability Attributes
coefficient

P-value

coefficient

P-value

coefficient

P-value

coefficient

1.44

0.00**

1.81

0.00**

0.75

0.00**

0.78

Pvalue
0.00**

Presence of Buffer
High Tree/Greenery
Density
High Building Density
High Bicycle/E-scooter
Density
High Pedestrian Density

0.98

0.0*

0.68

0.58

1.00

0.00**

-0.96

0.91

-0.89

0.00**

-1.05

0.00**

-1.02

0.00**

1.21

0.00**

-0.65

0.00**

-0.72

0.00**

-0.53

0.00**

-0.46

0.00*

0.67

0.95

0.88

0.75

-0.30

0.00**

-0.72

0.67

High Vehicle Density

-1.03

0.00**

-1.07

0.00**

-1.22

0.04*

-1.24

0.00**

Texas

1.18

0.00**

1.19

0.00**

1.08

0.00**

1.06

0.00**

In overall, Table 6.6 shows that the combined responses of two states are significant in
respect to majority of the variables, except for high pedestrian density. In respect to level of
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comfort and level of safety, positive combined effects are observed for buffer, high tree density,
and high pedestrian density, while high building, high bicycle/e-scooter, and high surrounding
vehicle density showed negative combined effects to walk experience. In respect to the responses
for visual environment, combined positive effect is observed for presence of buffer and high
tree/greenery along the sidewalks. Unlike the other walkability aspects, high building density
shows combined positive impacts on walking experience in respect to street vitality characteristics.
In respect to the impact value of the attributes, Texas participants showed higher impacts for all of
the walking environment scenarios in comparison to Michigan.
In this study, we examined the correlation among the response variables, such as level of
comfort, level of safety, visual environment, street vitality, and overall walk score. Table-6.7
shows the combined correlation matrix based on the responses received from Michigan and Texas.
We observed positive correlation between the overall walk score and all of the walkability aspects.
Among them, level of safety shows higher correlation to overall walk score in respect to responses
recorded for both areas. However, level of safety and comfort shows poor correlation to street
visual environment rating. In contrary, street vitality shows a moderately good correlation to safety
and visual environment.
Table 6.7 Correlation Matrix among Different Walkability Aspects
Combined
Correlation
Walk-score
Comfort
safety
Visual environment
vitality

Walk-score
1.00
0.31
0.37
0.27
0.31

Comfort
1.00
0.28
0.26
0.34

112

safety

1.00
0.25
0.36

Visual
environment

1.00
0.32

vitality

1.00

We further considered a combined analysis to assess the relationship between walk score
and other walkability aspects those were considered in this study. In respect to the combined effects
on walk score, Table-6.8 shows a significant positive impact for level of comfort, safety, visual
environment, and street vitality. The responses recorded for Texas shows a higher correlation
between walk score and all other aspects, in comparison to Michigan. Among all of the walkability
aspects, level of safety shows higher impact and correlation to overall walk score. So, it could be
deducted that the overall walk sore is significantly related to the walkability aspects those we
considered in this study, and a model could be advanced from the analysis to estimate the walk
score from the walkability aspects.
Table 6.8 Estimated Combined Relationship Analysis Between Walk Score and Different
Walkability Aspects

Walkability Aspects
Level of Comfort
Level of Safety
Visual Environment
Street Vitality
Texas

Combined impact on walk score for the walkability
aspects
coefficient
Standard error
t-statistic
P-value
0.179
0.0292
6.13
0.00**
0.181
0.0298
6.06
0.00**
0.135
0.0301
4.50
0.00**
0.142
0.0303
4.68
0.00**
0.388
0.0830
4.67
0.00**

In this study, we further developed Ordered Probit (OP) model and Ordered Logit (OL)
model in respect to investigate detail analysis of the correlation exists between overall walk score
and walking experiences. We considered all of the scenarios along with a combined model analysis
including both areas. The dependent variable of OP and OL model was the overall walk score
rating recorded from the response of the participants from both areas. The independent variables
were the walkability attributes for constructing the alternative hypothetical scenarios. A
comparative analysis based on OP and OL model was shown in Table 6.9. The positive coefficient
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value implies the positive correlation between the rating of walking experiences and walkability
attributes, and vice versa. We developed the models based on the binary entities, where high
density is coded as 1 and low density is coded as 0 for the respective variables.
Table 6.9 Combined Impact of Walkability Attributes on Overall Walk Score

Walkability Attributes
Presence of Buffer
High Tree/Greenery Density
High Building Density
High Bicycle/E-scooter Density
High Pedestrian Density
High Vehicle Density
Texas
AIC
Residual Deviance

OP Model

OL Model

Coefficient
(P-value)

Coefficient
(P-value)

0.89 (0.00**)
0.14 (0.18)
-0.79 (0.00**)
-0.51 (0.00**)
-0.71 (0.52)
-0.82 (0.00**)
0.98 (0.00**)
3563.6
3537.6

1.52 (0.00**)
0.25 (0.09)
-1.28 (0.00**)
-0.88 (0.07)
-0.13 (0.47)
-1.34 (0.00**)
1.59 (0.00**)
3598.4
3572.4

Positive walking experiences were observed along the sidewalk enabled with buffer, in
addition to high tree/greenery density. In contrary, negative relationship is observed between walk
score and other walkability attributes, such as high building density, high bicycle density, high
pedestrian density, and high vehicle density. In respect to areas, Texas showed higher impact in
terms of the relationship between walk score and other aspects, in comparison to Michigan. In
respect to OP and OL model comparison, we observed a lower AIC (Akaike information criterion)
value and residual deviance for OP model in comparison to OL model. Therefore, we can state
that the OP model outperformed OL model in respect to model accuracy.
6.3.3 Marginal Effect Analysis
Since OP model performed better over OL model, we analyzed further model sensitivity
analysis based on OP model. The estimate results were listed in Table 6.10. The marginal
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coefficients illustrate the change of occurrence probability of overall walk score rating, in respect
to one-unit increase of the input variable, keeping other factors at their mean values. A positive
marginal coefficient of a walkability variable means that the probability of rating walk score will
increase by a value equals the coefficient, as the one-unit increase of this input variable, and vice
versa. For example, if we increase the tree density by one unit, the walk score rating will increase
by 0.124%.
Table 6.10 Marginal Effect Estimation Based on OP Model
Marginal Effect Estimate
Walkability Attributes
Buffer
High Tree/Greenery Density
High Building Density
High Bicycle/E-scooter Density
High Pedestrian Density
High Vehicle Density
Texas

0.193
0.124
-0.053
-0.084
-0.093
-0.165
0.245

It is noticeable from Table 6.10; presence of buffer and high vehicle density has the highest
marginal effect on the overall walk score rating. For the presence of buffer, if we increase the
occurrence by one unit, the overall walk score tends to increase by 0.193%. However, if we
increase the vehicle density by one unit, the overall walk score tends to decrease by 0.165%.
Besides, the marginal effects of the walkability attributes based on Texas tends to have higher
effect on walkability score, in comparison to Michigan.
6.4 Discussion and Concluding Remarks
Through conducting an interactive and hypothetical survey, this study evaluated a
subjective judgment-based walkability analysis. In this study, we developed the scenarios by
altering the one walkability criteria at a time, while everything was remained constant. We
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designed the hypothetical scenarios in this way in order to control the number of total scenarios.
However, this could be a potential limitation of this study, where we missed the dynamic
characteristics of the hypothetical scenarios. In future study, we will consider more walkability
attributes in order to develop enriched analytical scenarios, which could help the participants for
providing their opinion. In addition, the subjective nature of this study could bring some biasness
in respect to walking experience analysis. We could avoid the biasness by incorporating more
survey participants in our future study.
This work presents a new direction of survey methodology to obtain the walking
experience data from an active and interactive way. This study provides a meaningful reference
for urban planners and designers seeking to create more walkable streets and healthier states. The
conclusions and recommendations from the modeling and analysis showed that the walkability
variables those considered in this study is transferable between the areas, which could be further
considered in new locations for measuring walkability. In addition, it will provide practical
planning guidelines to develop performance measures for planning active waking street and
sidewalks.
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CHAPTER VII
AUTOMATED WALK-SCORE ESTIMATION
7.1 Introduction
In recent years, walkability variables related to sidewalk aesthetics, comfort, and urban
design qualities were measured by applying machine learning and image processing techniques by
using google street-view images. Blecic et al. (2018) developed a perceived walkability score
based on the assessment obtained from user’s rating through applying image processing technique
by using street-level Google images. In other studies, street greenery, sky view, tree density,
building height, and pavement types were objectively assessed to measure the walkability and
associated relationship between urban design qualities (Li et al., 2018; Shen et al., 2018, Hamidi
and Somayeh, 2018). Although the previous studies used google images as an audit tool for
environmental variable extraction, there is still a gap to use image processing and computer vision
technology to automatically extract a large number of attributes from a single street view image
(Hasan and Oh 2019). Most of the studies used traditional physical audit to collect data, which is
highly labor expensive and time consuming.
In this study, we proposed a methodology to develop a street-level walkability score by
computing a total of 30 attributes in an automated way through applying artificial intelligence (AI)
and spatial analysis. Semantic image segmentation technique based on Convolutional neural
network (CNN), along with Geographic information system (GIS) was applied to automatically
process the walkability indices data. Technique for Order of Preference by Similarity to Ideal
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Solution (TOPSIS) technique based on entropy weights was applied to aggregate the indices and
estimate the walk score. Potential foot-walk segments were selected to develop the walk score
based on the human walking trajectories data for Kalamazoo, MI and Arlington, TX. Further, we
developed the walk score for the entire city of Ann Arbor as the part of implementation and
replicating the proposed approach. The following section of the paper is advanced with
methodology, experiment and numerical results, discussion, and concluding remarks.
7.2 Methodology
7.2.1 Study Area and Site Selection
In this research, we considered two different areas as Arlington, Texas and Kalamazoo,
Michigan for the case study locations, where Kalamazoo is considered as a winter city and
Arlington is a hot and humid city. The reason behind selecting these two locations was to explore
the relationship and difference in walkability and walking behavior for different seasonal and
geographical characteristics. Arlington is located between Fort Worth and Dallas in the north
Texas region. Kalamazoo is in southwestern Michigan at the Kalamazoo-Portage MSA, which has
a population of less than 500,000. Arlington is considered as the 36th most walkable large city in
the US (CITI, 2015), whereas Kalamazoo is ranked as 20th most walkable city in Michigan (Walk
Score, 2019). There were a very few reported walkability studies conducted at Kalamazoo or
Arlington city so far, and therefore we were interested to observe the composite walk scores for
these locations.
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(c) Kalamazoo, MI

(d) Arlington, TX

Figure 7.1 Study Area Locations and Associated Human Walking Trajectory GPS Points
In this study, we selected the foot-walk segments based on the demand of the walking
activities. The research team initiated a survey to collect the walking trajectories data for a total of
120 participants from Arlington and Kalamazoo city. The duration for data collection was 1 year
from January 2018 to December 2018. We developed a mobile phone application and installed it
to each of the participant’s mobile phone in respect to collect their daily walking trajectories
(Figure 7.1). Data was collected in the form of Global Positioning System (GPS) trajectories. Each
respondent had an average of about 100,000 validated records for the study period. With missing
values being eliminated from the records, the final sample included nearly 10 million GPS records.
Each record in the dataset represented a GPS signal that was captured consecutively in every 1second interval by the Android GPS device and contained information on index, date and time
(ET), latitude, longitude, altitude (m), speed (m/h), distance (m), and satellite information. The
researchers used a moderate GPS accuracy (100) for user trip/activity recognition.
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7.2.2 Foot-walk Data Treatment and Trip Number Estimation
After collecting the GPS trajectories, data was stored and analyzed through Geographic
Information System (GIS) software for further treatment. At first, we plotted the GPS points for
each of the individual trajectory line by finding the origin and destination point. After that, we
converted the GPS trajectories to trajectory line for each individual trip by applying point to line
tool in ArcGIS. The original GPS locations in those trajectories were very noisy due to the location
capturing error for the densely building blocks and street trees. To correct the mismatches between
the human trajectories and the street maps, we applied Map-Matching algorithm (MM) based on
OpenStreetMap data to match the measured longitudes/latitudes in human trajectory records to
roads. In addition, the walking trajectory data was considered for only local road, arterial, minor
arterial, and collector roadways; those trajectories on highways, ramps, and motorways were
removed from the analysis.
In this study, we stored and documented all of the trips by trip-ID and their associated
latitude and longitude points. We further divided each of the trip length into different segments for
a length of 330 feet (approx. 100 meter) apart in respect to assess micro-level analysis for
walkability measurement. The foot-walk sites were selected based on the walking trajectories data
along with the trip segments. In addition, higher pedestrian activities and surrounding locations of
interest was also carefully reviewed to select the foot-walk sites. A density map was developed
based on the current residential, commercial, and recreational density for Kalamazoo and
Arlington city, to accurately select the foot-walk sites.
A total of 550 and 650 foot-walk segments were selected to assess the walk score for
Kalamazoo and Arlington city, respectively. We computed the trip number against each of the test
sites which is shown in Figure-7.2. For storing the foot-walk site dataset, we managed the data
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based on test site number, road name, trip duration, sidewalk type (e.g. on-road, off-road, shared
with non-motorized vehicles, pedestrian only way, trails etc.)., sidewalk location type, adjacent
road type (e.g. local, collectors, arterials etc.), adjacent road speed, segment length, etc.

a) Kalamazoo, MI

b) Arlington, TX
Figure 7.2 Pedestrian Trip Number along the Foot-Walk Sites for the Study
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7.2.3 Data and Variable Estimation
In this study, we considered a combination of different walkability attributes to estimate
our proposed walk score along the selected segments. Based on the literature reviews, it was
noticeable that the sidewalk condition, pedestrian support characteristics, neighborhood density,
land use characteristics, traffic safety, neighborhood security, and streetscape/street quality
characteristics were highly utilized to measure the walk score (Hasan and Oh, 2020). In this
research, we estimated a composite walk score by considering a total of 30 attributes from four
different walkability indices. The major categories of walkability indices that were considered in
this study was sidewalk characteristics index, density and land use characteristics index, safety and
security index, and streetscape index. Table-7.1 shows a detail descriptive analysis for the major
walk score indices and associated variables/attributes those were considered in this study. For
sidewalk characteristics index, we considered foot-walk availability, width, connectivity, and
terrain pattern. In addition, we considered different foot-walk types, such as pedestrian precinct,
shared walkway, and designated foot-walk path to accurately estimate the walk score by
considering their effect on walkability.
For density and land use characteristics index, we considered surrounding neighborhood
population characteristics along with transit and pedestrian commuters. A land-use mix score along
with the presence of pedestrian-friendly commercial area was also checked to estimate walk score.
For the accessibility to nearest facilities, we considered a mix of various destination points, such
as transit locations (bus or train stops/stations), utility locations (i.e., gas station, convenient store,
food/restaurant), and recreational places. For safety and security index, we considered the roadside
buffer, streetlight, vehicle speed, and the presence of vehicle-mix (i.e., car, bike, pedestrian) for
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the surrounding roadways. Pedestrian crash frequency along the selected sites was also considered
in addition to surrounding neighborhood crime rate for estimating the safety index of walkability.
A variety of streetscape characteristics were also considered in Table 7.1 to estimate the
streetscape/street quality index for measuring the walk score. Vegetation enclosure, building
enclosure, and sidewall enclosure to the sidewalk segments was considered in this study. In
addition, we computed the sky view visibility factor and surrounding traffic sign or billboards for
the walkability measures.
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Table 7.1 Attributes/Variables for Measuring Walkability Score
Walkability Indices

Sidewalk
Characteristics Index

Density and Land use
Characteristics Index

Safety
and
Security Index

Attributes

Data type

Foot-walk Availability
Foot-walk Width
Foot-walk Types
Pedestrian Precinct
Shared Walkway
Designated foot-walk Only
Foot-walk Connectivity
Terrain Pattern (flat/hilly/mountains
etc.)
Activity Density
Neighborhood Population
Neighborhood Transit Commuters
Pedestrian Commuters
Land Use Characteristics
Land-use Mix Score (residential,
commercial, recreational, industrial)
Pedestrian-friendly Commercial Area
Access to Facilities
Access to Transit (Bus Stops)
Access to Utilities (Gas
station/convenient store, food)
Access to Recreational place
Safety from Traffic
Surrounding road speed limit
Surrounding vehicle-mix
Car
Bike
Pedestrian
Buffer (terrain)
Traffic light visibility
Pedestrian crash frequency
Neighborhood Security
Crime rate
Surrounding Street Light/Pole

Enclosure by Vegetation
Enclosure by Buildings
Streetscape/Street quality
Enclosure by Sidewall/Fence
Index
Surrounding Traffic sign/billboard
Sky View Visibility

Binary (1 or 0)
Continuous

Effect on
Data
Approach
walkability
Source
+
CNN
GSV
+
GIS
Shapefile

Binary (1or 0)
Binary (1or 0)
Binary (1or 0)
Binary (1 or 0)
Continuous

+
+
+
-

GIS
GIS
GIS
GIS
DEM-GIS

Shapefile
Shapefile
Shapefile
Shapefile
Shapefile

Discrete(number)
Discrete(number)
Discrete(number)

+
+
+

GIS
GIS
GIS

Shapefile
Shapefile
Shapefile

Ratio

+

GIS

Shapefile

Binary (1 or 0)

+

GIS

Shapefile

Discrete(number)
Discrete(number)

+
+

GIS
GIS

Shapefile
Shapefile

Discrete(number)

+

GIS

Shapefile

Continuous

-

GIS

Shapefile

Binary (1 or 0)
Binary (1 or 0)
Binary (1 or 0)
% of cell classified in
images
% of cell classified in
images
Discrete(number)

+
+
+

CNN
CNN
CNN
CNN

GSV
GSV
GSV
GSV

+

CNN

GSV

-

GIS

Shapefile

Continuous (percent)
% of cell classified in
images

+

GIS
CNN

Shapefile
GSV

% of cell classified in
images
% of cell classified in
images
% of cell classified in
images
% of cell classified in
images
% of cell classified in
images

+

CNN

GSV

+

CNN

GSV

+

CNN

GSV

+

CNN

GSV

+

CNN

GSV

CNN = Convolutional Neural Network, GSV = Google Street View Image
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7.2.4 Data Processing and Walk-Score Estimation
In this study, we computed the walk score at street-level along the selected foot-walk
segments. We collected the walkability attribute data automatically by applying image processing
technique and spatial analysis. A detail diagram is depicted at Figure-7.3 by showing data
collection procedure and overall walkability estimation method. We used street view images to
obtain visual environmental and streetscape attributes to estimate the walk score. As the approach
of data collection, images were collected from both google street view site and mobile camera to
understand the accuracy and resolution characteristics of different sources. We used Google API
for obtaining the images along the selected foot-walk segments. Besides, spatial data related to
roadway type and characteristics, transportation, and land use characteristics were collected from
different GIS shapefiles. Once we collected the necessary data, a GIS-based comprehensive
database was developed to compile the dataset combining all of the walkability attributes including
the image processing data.

(a) Data Collection Procedure
(b) Walk Score Estimation

Figure 7.3 Overall Procedure for Data Collection and Walk Score Estimation
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7.2.4.1 Image Processing
There are couple of supervised AI image processing techniques, which is applied for either
object recognition, or both object recognition, localization, and classification. Semantic
segmentation technique is one of the applications of AI which is developed based on deep
convolutional neural network (CNN) (Long et al. 2015). This is one of the best techniques to
extract attributes from a roadside scene or image. We preferred semantic segmentation in this
study, because it labels each pixel in the image with a classification and localizes the whole objects
for the image as a scenic view (Rosebrock 2018). In addition, traditional segmentation involves
portioning the image without actual meaningful representation; whereas semantic segmentation
partitions the image into meaningful parts.
In this study, we applied both ENet (efficient neural network) (Paszke et al., 2016) and
SegNet (Badrinarayanan et al., 2016) as semantic segmentation model architecture to test the
images in respect to detect different object classes. Both model architectures are based on pixelwise semantic segmentation technique with a deep convolutional encoder-decoder based
architecture. We tested both models to evaluate the accuracy of our predicted dataset. The detail
result was analyzed in the analysis section 7.3. In this study, we finally used ENet based on Paszke
et al.’s 2016 publication, as the semantic segmentation model architecture, shown in Figure-7.4.
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Figure 7.4 The Enet Semantic Segmentation Architecture (Source: Paszke Et Al., 2016)
We used ENet in this study, since it is very faster and required very fewer parameters with similar
or better accuracy than larger models (Rosebrock, 2018). A single forward pass on a CPU took
less than 1-second to process a single image. We applied semantic segmentation based on ENet
architecture using OpenCV function scripting on Python code followed by the procedure described
in Rosebrock (2018).
As the source of training dataset for applying semantic segmentation, Cityscape dataset is
used in this study. It contains a large-scale dataset with a diverse set of stereo video sequences
recorded in street scenes from 50 different cities, with high quality pixel-level annotations of 5000
frames (Cordts et al. 2016). Although the dataset contains a semantic and instance-wise dense pixel
annotation of 20-30 classes, we tune our model to fit with 12 different classes. Those 12 classes
were selected based on our walkability attributes, which we extracted from the street view images.

127

An example of image processing is shown in Figure-7.5, where semantic segmentation
technique is applied to obtain necessary walkability components. There was a total of 12 object
classes automatically extracted from the GSV image, which was considered as streetscape and
safety-related attributes for developing the walk score. For example, we obtained sidewalk
availability, which is very important to develop sidewalk characteristics index to estimate walk
score. In addition, we obtained roadside buffer (terrain), surrounding vehicle mix (i.e., car, bike,
and pedestrian), and traffic light data in respect to safety attributes for developing walk score. As
a part of visual enclosure and streetscape data for developing walk score, we obtained
vegetation/tree view, sky view, sidewall enclosure, building enclosure, and surrounding traffic
sign or billboard view.

Input
Image

Segmented
and
Classified
Output
Image
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Pixel/Cell
Calculation
for Distinct
Objects

Figure 7.5 Image Processing Example Based on Semantic Segmentation
Once the image is segmented into different classes, we computed the percent of cells classified for
the distinct walkability attribute, followed by equation-1. We considered this as the value of the
image extracted attributes, which we used for the final walkability measure.
𝑷𝒆𝒓𝒄𝒆𝒏𝒕 (%) 𝒐𝒇 𝒂𝒕𝒕𝒓𝒊𝒃𝒖𝒕𝒆 𝒊 𝒂𝒕 𝒊𝒎𝒂𝒈𝒆 𝒋 =

𝑻𝒐𝒕𝒂𝒍 𝒄𝒆𝒍𝒍𝒔 𝒄𝒍𝒂𝒔𝒔𝒇𝒊𝒆𝒅 𝒇𝒐𝒓 𝒂𝒕𝒕𝒓𝒊𝒃𝒖𝒕𝒆 𝒊 𝒂𝒕 𝒊𝒎𝒂𝒈𝒆 𝒋
𝑻𝒐𝒕𝒂𝒍 𝒄𝒆𝒍𝒍𝒔 𝒂𝒕 𝒊𝒎𝒂𝒈𝒆 𝒋

∗ 𝟏𝟎𝟎

(1)

7.2.4.2 Spatial Analysis
In this study, we computed a variety of walkability attributes based on GIS shapefile
collected from different sources, such as OpenStreetMap (OSM), Michigan open data portal,
Michigan traffic crash facts, Texas open data portal, Texas traffic crash data, American
Community Survey (ACS), Topologically Integrated Geographic Encoding and Referencing
system (TIGER/Line) Geodatabases, etc. For terrain pattern, we obtain elevation data from Shuttle
Radar Topography Mission (SRTM) site. For obtaining the accessibility of different facilities, we
considered the surrounding facilities within quarter mile walking distances along the walking
segments. In addition, crime data was collected from LexisNexis Community crime map and
county public safety database. Although we collected the secondary data for the land use
categories, we computed the land use mix index in this study, followed by equation 2. Land-use
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mix was calculated using an entropy formula derived from the Shannon index (Shannon & Weaver,
1949) based on that used by Frank et al. (2005).
𝒏

𝑳𝒂𝒏𝒅 − 𝑼𝒔𝒆 𝑴𝒊𝒙 𝑺𝒄𝒐𝒓𝒆: 𝑳𝑴 = −𝟏 (

𝒑𝒍 ∗ 𝐥𝐧(𝒑𝒍))/ 𝐥𝐧(𝒏)

(2)

𝒍 𝟏

Where,
LM = Land-use mix score
𝒑𝒍 = Proportion of surrounding neighborhood covered by the land use l
n = Number of land-use categories of interest

In this study, we considered a total of 4 land use categories, including residential,
recreational/open space, commercial/service/institutional, and industrial zone. The land-use mix
score ranges from 1 (highest mix possible, considered “most walkable”) to 0 (area contains a single
land use, considered the “least walkable”).
7.2.4.3 TOPSIS Method
To develop the walk score, we need to standardize the attribute data, since the data unit are
different from each other. TOPSIS, which is stands for Technique for Order of Preference by
Similarity to Ideal Solution, is a well-accepted method for data standardization and aggregation
purposes (Chen et al. 2015). To standardize and aggregate the attribute data for estimating
walkability score, we applied TOPSIS method by computing entropy-based weight. TOPSIS is a
multi-criteria decision-making analysis method, which conducts a compensatory aggregation that
compares a set of alternatives by identifying and normalizing scores for each criterion and
calculating the geometric distance between each alternative and the ideal alternative (Roszkowska
2011; Chen et al. 2015). Here, we considered a decision matrix with all of the foot-walk segments
as alternatives and their corresponding values from different walkability attributes. At first, we
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normalized the attribute values to make it consistent in terms of multi-criteria comparison. Then,
we calculated the weighted normalized decision matrix by multiplying the associated weights for
the attribute values. After that, we determined the PIS (Positive Ideal Solution) and NIS (Negative
Ideal Solution) with respect to each criterion and calculated the separation of each alternative from
PIS and NIS. Finally, we determined the VES score of each foot-walk segment based on the
closeness coefficient value of each alternative variable, described in (Roszkowska 2011). A
diagram of TOPSIS method is shown in Figure-7.6.

Figure 7.6 TOPSIS Method for Aggregating Walkability Attributes and Walk Score
Estimation
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7.3 Experiment and Numerical Results
We discussed our results and analysis based on two stages. At first, we discussed the walk score
output and compare those for two case study areas. After that, we validated our computed walk
score data with existing Walk Score® based on different smart city indices.
7.3.1 Image Data Source and Model Comparison
In this study, we compared the available image data sources to examine the accuracy of
data extraction and reliability issues for walkability indices. We tested both google street view
images and mobile images for a sample of dataset (Figure 7.7). Besides, we tested both ENetbased and SegNet-based semantic segmentation model incorporating different image data sources.
We observed the model accuracy for accurately extracting the image objects.

Figure 7.7 Visual Comparison of Image Data Sources

132

It is noticeable from Figure-7.8 that, ENet-based semantic segmentation outperformed the
SegNet model. Almost all of the walkability components were accurately extracted with higher
accuracy by ENet in comparison to SegNet model.

Accuracy
based on
ENet

Accuracy

Image Processing Accuracy for Walkability Components
(ENet)
100%
80%
60%
40%
20%
0%

Training Accuracy

Test Accuracy (Google Image)

Test Accuracy (Mobile Image)

Accuracy
based on
SegNet

Accuracy

Image Processing Accuracy for Walkability Components
(SegNet)
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Training Accuracy

Test Accuracy (Google Image)

Test Accuracy (Mobile Image)

Figure 7.8 Accuracy Comparison of Two Image Segmentation Models
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Among the 12 walkability attributes, streetlight, traffic light, traffic sign, and pedestrian
presence showed poor accuracy in respect to object detection based on both models. Since these
objects were very narrow and small in shape, the semantic segmentation algorithm overfit those in
terms of predicting the values. However, the other walkability attributes, such as road, sidewalk,
sidewall, terrain, and sky view were accurately detected with higher accuracy (more than 80%) by
ENet model. Although both models were able to perform pixel-wise semantic segmentation in real
time, ENet algorithm was very faster in comparison to SegNet. It took less than 1 second for
processing a single image by ENet, while SegNet took 1-2 seconds in our CPU machine. Therefore,
ENet was preferred in this study for image segmentation process due to its accuracy and cheap
computational cost in comparison to SegNet model.
In terms of data source accuracy, we observed the highest accuracy for almost all of the
walkability attributes based on training dataset and google image dataset. Mobile image data
showed poor accuracy because of resolution and other optical characteristics. Therefore, we
choose google street view (GSV) images to extract our walkability attributes for this study.
7.3.2 Walk Score Output and Comparison
7.3.2.1 Comparison of Major Walkability Indices
We estimated the scores of walkability indices by applying TOPSIS method through
combining the attributes associated with each index. In this study, we computed the scores for four
different walkability indices along the selected segments for the case areas, Kalamazoo and
Arlington city. A visual comparison is presented at Figure-7.9, where we could observe the
characteristics and scores of the foot-walk segments for Kalamazoo and Arlington city.
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Walk-Score
Indices

Kalamazoo

Arlington

Sidewalk
Characteristics
Index

Density and
Land use
Characteristics
Index

Safety and
Security Index

Streetscape
/Street quality
Index

Figure 7.9 Visual Comparison of Walkability Indices for Kalamazoo and Arlington City
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In respect to sidewalk characteristics index, Kalamazoo showed higher scores along most
of the foot walk segments in comparison to Arlington city. However, the foot walk segments
located around the campus of University of Texas (UT) Arlington showed good scores in respect
to sidewalk characteristics index. For density and land use characteristics index, the foot walk
segments at downtown Kalamazoo area along with the west part of the city showed higher scores
in comparison to other parts of the city. However, for Arlington city, most of the foot walk
segments showed good scores in respect to density and land use scores, except the south part of
the city.
In respect to safety index, the segments located at downtown areas showed very poor scores
for both Kalamazoo and Arlington city. However, the other parts of the segments for the Arlington
city showed good accuracy in comparison to Kalamazoo city. For streetscape index, most of the
segments located around the Arlington city showed higher score in comparison to Kalamazoo city.
For Kalamazoo city, the Western Michigan Campus and Parkview campus showed higher scores
in respect to streetscape index, in comparison to other parts of the city.
The above four walkability indices and their associated scores are the supply side attributes
for developing a walking friendly city. However, it is always important to observe the demand and
supply relationship to observe the walkability pattern of the city. Human walking activities are
mostly the demand side attributes for the walkability measures. Therefore, in this study, we
observed the relationship between walking activities and walkability index scores by computing
Pearson’s correlation coefficient statistics. In Table 7.2, a comparison is shown for the mean score
value for the walkability index score, along with the correlation between walk score indices and
walking activities. It is noticeable that the Arlington city showed higher walkability index score in
comparison to Kalamazoo city for all of the indices, except the sidewalk characteristics index.
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Table 7.2 Comparison of Walkability Index Score for Kalamazoo And Arlington City
Kalamazoo
Walk-Score
Indices

Sidewalk
Characteristics Index
Density and Land use
Characteristics Index
Safety and Security
Index
Streetscape Index

Arlington

Relationship to Pedestrian
Trip Number

Relationship to Pedestrian
Trip Number

Mea
n
Scor
e

Pearson's
correlation

86

0.86

0.01**

58

-0.5

0.08

61

-0.04

0.51

73

0.75

0.00**

60

0.52

0.03**

65

0.68

0.00**

68

0.85

0.02**

78

0.95

Significance
(P value)

Mean
Score

Pearson's
correlation

Significance
(P value)

0.00**

In respect to the correlation between walkability index scores and walking activities of
Kalamazoo city, we observed a significant positive correlation for all the indices, except the
density and land use index. The density and land use characteristics show lower impact to walking
activities for the Kalamazoo city. On contrary, for Arlington city, we observed a significant
positive correlation for all the indices, except the sidewalk characteristics index. Therefore, we
could deduce that the people in Arlington city tends to pursue walking activities regardless the
sidewalk characteristics and surrounding condition.
7.3.2.2 Comparison of Walk Scores
A visual comparison of our proposed walk score along the segments of Kalamazoo and
Arlington city is shown in Figure 7.10. For Kalamazoo city, most of the parts around WMU
campus and Parkview campus showed good walk scores with a value of more than 75 (out of 100).
The west region and the south-east region showed poor walk scores (less than 30). For downtown
Kalamazoo, we observed a moderate score (more than 60) for most of the parts, except for some
areas at the east side.
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For Arlington, the UT Arlington campus along with the furthest south-east part of the city
showed high walk score with a value of more than 80. In addition, some of the north-east parts of
the city showed good walk score (about 70). However, most of the foot-walk segments showed
poor walk score for downtown Arlington with a value of lower than 40.

a) Kalamazoo, MI

b) Arlington, TX
Figure 7.10 Visual Comparison of Walk Score for Kalamazoo and Arlington City
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A comparison of mean walk score value along with the relationship between walk score
and human walking activities are shown in Table 7.3. We observed a higher walk score and
pedestrian trip number along the segments for the Arlington city in comparison to Kalamazoo city.
Table 7.3 Comparison of Walk Score for Kalamazoo And Arlington City
Kalamazoo

Arlington

Mean Walk Score
(out of 100)
Mean Pedestrian Trip
Number by Segment

68
27

91

Mean Trip Duration

10 min

22 min

Walk score Relationship to
Pedestrian Trip Number

Pearson’s Correlation: 0.75
(p-value = 0.02**)

Pearson’s Correlation: 0.88
(p-value = 0.00**)

Walk score Relationship to
Pedestrian Trip Duration

Pearson’s Correlation: 0.40
(p-value = 0.1)

Pearson’s Correlation: 0.74
(p-value = 0.00**)
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In respect to pedestrian trip duration, we also observed higher duration of walking trips
along the segments for Arlington city. In respect to walk score relationship to human walking
activities, both Arlington and Kalamazoo city showed significant positive correlation. However,
Kalamazoo city showed a poor correlation between walk score and pedestrian trip duration, which
proves that the walking duration of Kalamazoo city does not rely on the good walk scores.
7.4 Validation and Implementation of Proposed Walk Score
7.4.1 Walk Score Validation
In this section, we validated our proposed walk score with existing Walk Score® in respect
to different smart city indices. At present, the company Walk Score® provides the walkability in
a large scale, such as postal code-based walkability for North America and Australia. However,
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they only consider the accessibility/proximity to the nearest group of preselected destination
facilities, block length, and the intersection density around the origin for measuring the
walkability. Based on the review paper conducted by Hall and Ram (2018), the Walk Score® was
best understood as a measurement of walkability for the purposive or utilitarian “walking
potential” of a place. One of the reasons for not considering the other built environment and urban
design qualities for walkability measurement could be lack of automation in large-scale data
collection (Xue et al., 2018). In this study, we overcome that issue by incorporating the large-scale
walkability data and estimate our proposed automated walk score.
Therefore, we tend to compare and validate our proposed score with the existing Walk
Score® in respect to different smart city indices, which has a positive impact on walkability.
Walkability measurement is directly related to the individual and collective benefits to solve smart
city issues, such as health, social inequality, environmental, and economic issues (Leslie et al.,
2007; Frank et al., 2006; Saelens et al., 2003; Forsyth, 2015; Wang and Yang, 2019; Litman, 2003).
The Smart city indices showed positive correlation to walk score, especially for the property value
index, health index, environmental performance index, bike score, and transit score. Therefore, we
considered those smart city indices in this study to validate our proposed walk score along the
selected segments. The smart city index data were collected from the secondary sources, such as
AARP livability index, Walk Score® site, Environmental performance index (EPI), ACS, etc. In
Table 7.4, we showed the relationship between the smart city indices and the walk scores for
Kalamazoo and Arlington city. In addition, we showed the comparison of the relationship to smart
city indices between our propped walk score and existing Walk Score®.
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Table 7.4 Relationship Between the Smart City Indices and the Walk Scores
Relationship to Smart city Index

Smart City Index
Property Value

Kalamazoo
Existing
Proposed
Walk Score® Walk score
0.67
0.74

Arlington
Existing
Proposed
Walk Score®
Walk score
0.50
0.74

Health Index (HI)

0.50

0.72

0.45

0.77

Environmental
Performance Index
(EPI)
Bike Score
Transit Score

-0.83

0.82

-0.89

0.55

0.62
0.69

0.76
0.59

0.52
0.00

0.53
0.00

It is noticeable from Table 4 that, the existing Walk Score® showed a negative correlation
for both Kalamazoo and Arlington city in respect to environmental performance index (EPI). The
potential reason behind this could be lack of considering streetscape (i.e. greenery, terrain, etc.)
attributes for the existing Walk Score®. In overall, our proposed walk score showed higher
correlation to smart city indices in comparison to existing Walk Score® for both Kalamazoo and
Arlington city. For Kalamazoo city, the proposed walk score showed higher correlation to all of
the smart city indices in comparison to existing Walk Score®, except for transit score index. For
Arlington city, we observed no relationship to existing and proposed walk score in respect to transit
score index, since there are no reported public transit service running around the city.
7.4.2 Automation Framework and Implementation
In this study, we briefly discussed the automation framework in order to replicate the
proposed method of street-level walk score estimation in other areas. This study provided an initial
framework and guideline to automate the process, which will benefit the replication process much
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quicker and easier to handle the large-scale walkability estimation, such as city-wide or state-wide.
Figure 7.11 shows the automation framework for developing the proposed walk score.

Figure 7.11 Automation Framework for Developing the Proposed Walk Score
The automation process could be advanced by developing ArcPy-based automation script
along with acquiring the external machine learning tools for constructing the framework. At first,
we need to identify the candidate study area for automating the walk score estimation. Then, a
series of walkability attribute data need to be collected and imported automatically into the
automation framework. In terms of image source, we could use Google API for automatically
obtaining the images along the selected foot-walk segments. The extracted attributes from the
images could be automatically imported into the main data storage in the program. Besides, spatial
data could be obtained from GIS shapefiles and OSM data, and imported into the main storage
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alongside the image attribute data. In the automation framework, we can store the data by creating
an integrated GIS-based multisource database. After that, the test automation script could be
executed by developing the algorithm to compute the walk score through aggregating the attributes
with TOPSIS technique along with applying entropy-based weight. An automation test report
could be generated for the estimated walk score along each sidewalk segment. Finally, we need to
map the walk score data for the whole area and analyze the output. The advantage of this
automation procedure is to automatically update the walk score based on the input of the updated
images and spatial dataset.
As further implementation stage, we developed a city-wide street-level walkability score
by following our proposed methodology for Ann Arbor city. Figure 7.12 shows the computed walk
score for the entire city, where green indicates high score and red indicates low score.
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Figure 7.12 Street-level Computed Walk Score for the Ann Arbor City
We followed the automation procedure (describing above in this section) and replicate the
process to compute the walk score along all of the sidewalks for the city of Ann Arbor. There is a
total of 5500 sidewalk segments, where we estimated the micro-level walk score for each of the
segment with a length of 300 to 500 feet. We considered a total of 30 attributes (considered in this
study) to develop the walk score shown in Figure 12. Good walkability score is observed around
the downtown and university of Michigan campus, along with other areas at north and west side
of the city. In respect to computational cost (amount of resources required), it takes less than 1second for processing each individual image (Total images: about 6000) by following the ENet144

based semantic segmentation technique. In respect to space complexity, the amount of required
memory depends on the size and resolution of the images. An external database could be reserved
for handling the memory purposes. In addition, ArcGIS license will be required to process the
spatial data. The automation process was capable of establishing a connection between input
variables and output score, which significantly helps in updating the walk score. The whole
replicating process was very cost effective and time efficient in comparison to other traditional
manual methods.
7.5 Discussion and Concluding Remarks
This study contributes to the existing walkability and walk score estimation procedure by
presenting a new methodology of developing an automated walk score.

We applied computer

vision and deep learning algorithm to automatically collect the street view data related to
walkability measures. A semantic segmentation technique based on ENet architecture was applied
for image processing, where the Google street view images were used as data sources. In addition,
GIS-based analysis was performed to collect and compile the walkability attributes in an
automated way. In this study, a total of 30 attributes were considered to develop the composite
walk score. The final walk score was computed by aggregating those attributes through TOPSIS
method with applying entropy-based weights.
In this study, we observed the relationship between the estimated walk score and
corresponding human walking activities along the selected foot walk segments. The human
walking trajectories data were collected by initiating a survey through developing an activity-based
mobile phone application. We incorporated the human walking activities to properly understand
the demand of walkability along the foot-walk segments. As the case study location, we considered
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Kalamazoo (a cold city in nature), and Arlington (a hot and humid city in nature) city. We observed
some interesting differences in walking activities and walk score components between Kalamazoo
city and Arlington city. It is noticeable from the analysis that the land use diversity and density
characteristics shows a lower impact to walking activities for Kalamazoo city. On the other hand,
Arlington city showed negative correlation to walking activities in respect to sidewalk
characteristics. Therefore, we could infer that the people living in hot cities tend to pursue walking
activities regardless the sidewalk condition and characteristics. In addition, the people living in
Arlington city tend to have longer walking trip duration in comparison to Kalamazoo city.
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CHAPTER VIII
CONCLUSION
8.1 Summary
Walkability measures the activity friendliness of the walking environment. Walkability
measurement is directly related to the individual and collective benefits to solve transportation
problems in addition to other issues, such as health, social inequality, environmental, and economic
issues. To cope with the future needs in autonomous and shared mobility era, walkability
measurement is an important part of developing a walking-friendly environment to motivate and
engage people on active walking streets. Over the last two decades, different walk scores were
estimated in respect to walkability measures by applying different methods and approaches.
However, there is still a gap to measure the composite walkability score in an automated way by
applying and quantifying the activity-friendliness of walkable streets. In this study, we developed
a methodology to estimate the street-level composite walk score by automatically collect the
walkability attributes through applying computer vision and artificial intelligence.
In the first part of the study, the trend of walkability measures was investigated over the
years in terms of study locations, the analysis scale, approaches to measuring variables, and
methods/tools for determining walkability. This study, through a literature review, analyzes and
compares the walkability studies over the past two decades in a more comprehensive and efficient
way. A total of 83 articles from 40 journals and conference proceedings were selected through a
systematic and sequential procedure. In order to explore the research trend among those reviewed
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articles, we applied a hierarchical clustering technique. A meta-analysis was performed to
systematically assess the results of previous walkability research to derive conclusions about the
future direction of research.
The second part of the study conducted a comprehensive analysis by considering different
walkability attributes/variables and their major categories related to the built environment,
aesthetics, and roadway design & level of service. Some of the potential walkability variables were
identified by investigating scores/weights obtained from three different approaches. We applied
two objective approaches (frequency-based and Correspondence Analysis) and one subjective
approach by utilizing the expert opinions from AHP survey to identify the potential walkability
variables. As the final outcome and rating, we calculated the aggregated weighted score for each
of the alternative walkability variable by applying TOPSIS method. The selected variables,
identified via different approaches, have direct and indirect effects on the walkability measurement
and walk-friendly walking path consideration.
The third part of the study investigated the association between human walking activities
and the surrounding physical-visual environmental characteristics. A large amount of human
trajectory data was collected from a survey and used to estimate human walking activities in the
study area in an objective way. This study presents a more unbiased estimation of the actual human
walking activities compared with previous studies based on subjective approaches. In order to
represent the characteristics of physical environments, we considered the foot-walk types and
availability, adjacent road types, in addition to surrounding land use mix and vehicle types. Several
streetscape variables in addition to visual environmental variables were also considered in this
study, such as vegetation enclosure, building enclosure, terrain, traffic sign visibility, streetlight,
sky view, etc. In this study, a total of 22 variables were considered to assess the relationship
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between human walking trajectories and associated variables. The Walk Score and the surrounding
population density were also considered in the analysis as the confounding variables in order to
investigate the connection in a robust way between the characteristics of physical-visual
environment and human walking activities. A semantic segmentation technique based on ENet
architecture was applied for image processing, where the Google street view images were used as
data sources. More than a thousand of street‐level images were used to calculate the streetscape
variables for sample sites along streets at a fine level. In addition, GIS-based analysis was
performed to collect and analyze the walkability attributes.
The fourth part of the study examined the roles and impacts of sidewalk characteristics,
built environment, and mixed user environment on pedestrian walking experience. A survey was
conducted to evaluate the ratting of walkability aspects for a total of 130 participants from
Michigan and Texas. Response was recorded from a different type of walking environments in
terms of sidewalk comfort, safety, street view, vitality, and overall walk environment through
hypothetical scenarios. A total of 22 hypothetical scenarios were designed with combining
different walking environment attributes, such as sidewalk buffer, pedestrian density, bicycle/escooter density, greenery, roadway traffic, and surrounding building density. In this study, we
considered two sidewalk width criteria, narrow sidewalk width (less than 6 ft), and wide sidewalk
width (more than 6 ft) to evaluate the walking experiences.
The last part of this research was advanced by developing a methodology to estimate the
street-level composite walk score by automatically collect the walkability attributes through
applying computer vision and artificial intelligence. Semantic segmentation technique based on
convolutional neural network algorithm, along with spatial analysis was performed to
automatically extract the walkability attributes. A total of 30 attributes related to sidewalk
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characteristics, neighborhood density, land use characteristics, traffic safety, neighborhood
security, and streetscape characteristics were considered in this study to estimate the composite
walk score. For better understanding the variation in walking activities for different geographical
regions, we considered Kalamazoo, MI and Arlington, TX as the case study areas.
8.2 Major Findings, Limitations, and Recommendations
The result of the comprehensive literature review revealed that research on walkability
tends to shift from a neighborhood-level analysis to a street-level microscopic analysis. Different
image and instrument audit tools are using nowadays instead of traditional physical audit tools for
measuring walkability. In terms of walkability variables, objectively measured street-level urban
design qualities (e.g. comfort/convenience, aesthetics, sidewalk design, etc.) gained much interest
in recent years in comparison to traditionally used attributes (e.g. roadway level of service). This
study provides a future direction in walkability research in continuation with the recent walkability
trend and data analysis. This study shows that there are needs for tools automatically collecting
walkability data by taking advantage from recent advances in machine learning and image
processing technologies.
Based on results of existing walkability attributes, variables related to street design &
quality, safety & security, and neighborhood density & land-use characteristics were identified as
potential influential attributes to measure walkability. The five highest-ranked variables were
comfort, safety from crime, safety from traffic, enclosure, and surrounding land-use diversity.
Statistical analysis showed a significant positive relationship between pedestrian trip
number and surrounding population, foot walk availability, low slopes (elevation), and bicycle as
surrounding vehicle category in respect to physical environmental attributes. In addition, we
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observed positive relationship between human walking activities and surrounding visual
environmental attributes, such as building enclosure, streetlight/pole, traffic sign and billboard,
street greenery, and the enclosure of the sky view factor. In this study, we further developed a
visual environmental score (VES) by combining the significant streetscape variables for
investigating the relationship between walking activities and different aspects of walkability. The
result showed that Visual Environmental Score (VES) along the foot-walk segments vary based
on pedestrian trip purposes. Positive correlation was existed between VES and the trips related to
recreational activity, food and utility activity, and access to public transportation services. In this
study, we also assessed the relationship between VES and pedestrian trip number, trip duration,
and walk-score for different land use types. The relationship varied for different land use types,
where it showed positive correlation between VES index and trip number, trip duration, and walkscore for the areas designated as residential and recreational types. A negative correlation was
existed between VES index and the pedestrian trip number along with the walk-score for industrial
land use zones. The findings of this study provide a reference for developing a detail guideline in
respect to promote physical activity interference programs in cities.
We observed the combined effects in walking experiences for Michigan and Texas, in
respect to observe the correspondence of the results between the areas. It is noticeable from the
analysis that, the participants living in Texas tends to have more positive walking experiences
(received higher ratting) in respect to different aspects of walkability, especially for the street
vitality characteristics. In respect to the combined responses to the overall walk score, the
participants highly rated the scenarios which were designed with sidewalk buffer, low building
density, and low vehicle density. In respect to overall response for level of comfort, we received
higher rating for the scenarios construct with low vehicle density, low pedestrian and bike/e151

scooter density, and low building density along the sidewalk for both areas. In respect to level of
safety, visual environment, and street vitality, we received higher rating for the scenarios
constructed with sidewalk buffer, high greenery, and high building density, respectively. An
Ordered Probit (OP) and Ordered Logit (OL) model was developed in respect to assess the impact
of walkability attributes for the walking activities by considering two sidewalk width criteria,
narrow sidewalk width (less than 6 ft), and wide sidewalk width (more than 6 ft). Based on both
criteria, the OP model outperformed OL model. Positive correlation between walkability attributes
and walk score were observed along the sidewalk enabled with buffer, in addition to high greenery
density. The presence of non-motorized vehicles (bike and e-scooter) and high pedestrian density
along the sidewalk showed negative correlation to walk score rating in respect to combined effects
considering both areas. In addition, high building density and high vehicle density showed negative
correlation to walk score rating.
The computed walk score result showed a higher walk score and walking activities along
the sidewalk segments of Arlington city in comparison to Kalamazoo city. Also, the average
pedestrian trip duration was higher in Arlington city. Further, we observed the relationship
between the estimated walk score and corresponding human walking activities along the foot walk
segments. Both Kalamazoo and Arlington city showed positive relationship between the computed
walk score and the walking activities along the sidewalks. It is evident from the result, land use
diversity and density characteristics does not have very negligible impact on walk score estimation
for Kalamazoo city, which is a cold city in nature. On the other hand, people living in Arlington
city (which is a hot city in nature) tend to pursue walking activities regardless the sidewalk
condition and characteristics. We validated and compared our computed walk score with existing
Walk Score® in respect to different smart city indices. Our computed walk score showed higher
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correlation to smart city indices in comparison to existing Walk Score® for both Kalamazoo and
Arlington city.
Although this study developed a composite walk score, the current study still has some
limitations. First, most of the GIS shapefile data are stored at neighborhood scale, therefore it takes
extra time to match those values along the roadway segments. In addition, there could be other
streetscape features those has influence on human walking activities. In this study, we only
considered the variables those were able to extract from the image processing. Future studies
should consider more variables in the analysis of the connection between the streetscape
characteristics and human walking activities. In case, where we need to extract more objects from
the images, we recommend using a different set of training dataset with more annotated objects.
Besides, Google street view images are not updated till the date at Google site, which cause error
in data consistency. The walk score could vary along the segments due to this error. However, this
study could be a resource to initiate the process of real time data collection and walk score
estimation, which could solve the problem of data inconsistency. The entire process of the
proposed method in this study could be automated and replicable to different locations by
enhancing the add-ins with external machine learning tools.
This study provides a meaningful reference for urban planners and designers seeking to
create more walkable streets and healthier cities. This work presents a novel methodology to
measure and develop an automated street-level walkability score, which could significantly reduce
the labor cost, effort and time in comparison to other traditional walkability measures. This study
also demonstrates the usefulness of publicly accessible street‐level images in evaluating urban
space and developing walk score in an automated way. This study provides a future direction/trend
in walkability research by estimating automated walk score in a more comprehensive and
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systematic way with the help of recent advancement in machine learning and big data analysis.
Automation in data collection and walkability measures is proposed to replace with manual audit
tools, in instances where the traditional way is inadequate for large-scale application and limited
to applications on relatively restricted urban areas. For the future direction, image processing
technique in addition to upgraded spatial analysis, should be applied comprehensively to automate
the process to cover large geographic region for street-level walkability analysis.
Based on the growing concept of smart and livable cities, more research is needed to
collaborate the walking and walkability concept with public and shared transportation.
Particularly, walkability and walking path infrastructure will be a major issue at near autonomous
and connected vehicle urbanism, where walking will be considered as a major mode and solution
for the first/ last mile problem. More longitudinal research should be conducted to establish a
walking-friendly environment to motivate and engage people on active walking streets.
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A. Survey Recruitment Scripts (email)

Sub: A survey on your experience with walking environment

Hello!
Hope this email finds you well. I am Mehedi Hasan, pursuing a Ph.D. degree in Civil Engineering at
Western Michigan University. In my dissertation, I am developing methodology for evaluating
walkability. As a part of my dissertation, I am conducting a survey to observe your experience with
walking environment. This survey will take around ten minutes and your responses will be
anonymous and used in an aggregated way. It would be highly appreciated if you kindly participate in
the survey. In case you have any question, please contact me (Md Mehedi Hasan,
email: mdmehedi.hasan@wmich.edu) or my advisor (Dr. Jun-Seok Oh, email jun.oh@wmich.edu). I
hope you stay safe during this critical moment of COVID-19 crisis.

Clink HERE to participate in the survey.
Or copy and paste the URL below into your internet browser:
https://wmich.co1.qualtrics.com/jfe/form/SV_bdvIl9dwx1T9xtj
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B. Online Survey Consent Form
Western Michigan University
[Civil and Construction Engineering]
Principal Investigator:
Student Investigator:

[Jun-Seok Oh]
[Md Mehedi Hasan]

You are invited to participate in this research project titled "A study on assessing the sidewalk walking experience
for different type of walking environments based on hypothetical scenario"
STUDY SUMMARY: This consent form is part of an informed consent process for a research study and it will
provide information that will help you decide whether you want to take part in this study. Participation in this study
is completely voluntary. You may choose to not answer any question. The purpose of the research is to: observe
your experience of walking along segments mixed with pedestrians, bicyclists and e-scooter users and “will serve as
Md Mehedi Hasan’s Doctoral Dissertation for the requirements of the Ph.D. Degree in Civil and Construction
Engineering.” If you take part in the research, you will be asked to rate your walking experience from 1 to 10 in
scale based on some hypothetical scenarios developed with different walking environment. Your replies will be
completely anonymous, so do not put your name anywhere on the survey. Your time in the study will take 10 -12
minutes to complete a survey. There will not be any possible risk and costs to you for taking part in the study and
potential benefits of taking part may be your valuable feedback/rating which could be helpful in terms of identifying
the impact of different walking attributes for developing active walking environment. Your alternative to taking part
in the research study is not to take part in it.
The de-identified (anonymous) information collected for this research may be used by or distributed to investigators
for other research without obtaining informed consent from you.
Should you have any questions prior to or during the study, you can contact Principal investigator at Dr. Jun-Seok
Oh at jun.oh@wmich.edu or (269) 276-3216 or the student investigator at Md Mehedi Hasan at
mdmehedi.hasan@wmich.edu or (269) 532-6617.You may also contact the Chair, Institutional Review Board at
269-387-8293 or the Vice President for Research at 269-387-8298.
This consent has been approved by the Western Michigan University Institutional Review Board (WMU IRB) on
“April 27, 2020”.
Participating in this survey online indicates your consent for use of the answers you supply.
Add buttons to click:
I agree to participate in this research study
I do not agree to participate in this research study

(Take the Survey)
(Click here to unsubscribe)
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C. HSIRB Approval Letter
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D. Questionnaire Survey
A survey on your experience with walking environment

Please read this section carefully
There is a total of 22 hypothetical scenarios combined with different walking environment
attributes, such as sidewalk width, sidewalk buffer, pedestrian density, bicycle/e-scooter
density, greenery, roadway traffic, and buildings. You are requested to rate each scenario
based on a scale ranging from 1 to 10, where,

Q1. What is your gender?

Male
Female
Other (Please Specify)

Prefer not to say
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Q2. What is your age?

Under 18
18-24 Years Old
25-34 Years Old
35-44 Years Old/22/2020
45-54 Years Old
Over 55

Q3. What is your current occupation?

Engineer
City/Town Planner
Policy Maker
Academic (Professor/Researcher)
Other (Please Specify)

Q4. Scenario 1 - Narrow sidewalk with buffer
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Q5. Scenario 2 - Narrow sidewalk without buffer and high tree density

Q6. Scenario 3 - Narrow sidewalk without buffer and high building density
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Q7. Scenario 4 - Narrow sidewalk without buffer and high bike/e-scooter density

Q8. Scenario 5 - Narrow sidewalk without buffer and high pedestrian density
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Q9. Scenario 6 - Narrow sidewalk without buffer and high surrounding vehicle density

Q10. Scenario 7 - Narrow sidewalk without buffer and low tree density
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Q11. Scenario 8 - Narrow sidewalk without buffer and low building density

Q12. Scenario 9 - Narrow sidewalk without buffer and low bike/e-scooter density
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Q13. Scenario 10 - Narrow sidewalk without buffer and low pedestrian density

Q14. Scenario 11 - Narrow sidewalk without buffer and low surrounding vehicle density
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Q15. Scenario 12 - Wide sidewalk with buffer

Q16. Scenario 13 - Wide sidewalk without buffer and high tree density
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Q17. Scenario 14 - Wide sidewalk without buffer and high building density

Q18. Scenario 15 - Wide sidewalk without buffer and high bike/e-scooter density
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Q19. Scenario 16 - Wide sidewalk without buffer and high pedestrian density

Q20. Scenario 17 - Wide sidewalk without buffer and high surrounding vehicle density
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Q21. Scenario 18 - Wide sidewalk without buffer and low tree density

Q22. Scenario 19 - Wide sidewalk without buffer and low building density
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Q23. Scenario 20 - Wide sidewalk without buffer and low bike/e-scooter density

Q24. Scenario 21 - Wide sidewalk without buffer and low pedestrian density
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Q25. Scenario 22 - Wide sidewalk without buffer and low surrounding vehicle density
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